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Abstract

Underground distribution networks increasingly rely on aging cable assets whose parame-
ter drift modifies propagation velocity, attenuation, and fault-initiated transient signatures,
thereby reducing the reliability of conventional traveling-wave (TW) fault location and
purely data-driven diagnosis. This paper proposes a physics-regularized hybrid learning
framework for joint fault-type classification, feeder-area identification, and continuous fault
localization in aging underground distribution feeders. The methodology integrates (i) an
aging-aware simulation pipeline driven by a normalized aging-stress index α ∈ [0, 1] that
perturbs the per-unit-length cable matrices within a controlled domain; (ii) synchronized
multi-sensor time–frequency representations of three-phase voltage and current transients;
(iii) an area-aware multi-task architecture with fault-type and area-classification heads
and area-specific local regression heads; and (iv) a propagation-consistency loss that de-
pends explicitly on the model-predicted fault position and therefore contributes gradients
during training. A branched underground feeder is evaluated using five synchronized
sensing locations and a stratified dataset of Ntot = 36,000 simulated fault events covering
11 fault classes (SLG-A/B/C, LL-AB/BC/CA, DLG-ABG/BCG/CAG, LLL, and LLLG),
six non-overlapping feeder areas, fault resistance R f ∈ [0.1, 50] Ω, measurement noise
SNR ∈ [20, 40] dB, and a 20 ms transient window sampled at 200 kHz. On a held-out test
set of 7200 previously unseen event records drawn from the same simulation domain, the
Hybrid model achieves a fault-type accuracy of 0.93, an area-identification accuracy of
0.96, a localization MAE of 0.011 p.u., and a 95th-percentile absolute error of 0.027 p.u.
The proposed configuration outperforms the TW-TOA, purely data-driven Baseline, and
physics-regularized PINN references across the reported diagnostic tasks within the pre-
scribed simulator and parameter ranges. Time–frequency attribution is included only
as a qualitative interpretability illustration and is not treated as quantitative evidence of
explanation faithfulness. Accordingly, the results demonstrate comparative in-domain
simulation performance rather than field or cross-simulator deployment readiness.

Keywords: cable aging; explainable artificial intelligence; fault classification; fault location;
multi-task learning; physics-regularized learning; robustness under noise; time–frequency
analysis; traveling-wave transients; underground distribution networks
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1. Introduction
Underground distribution networks offer improved public safety, reduced visual im-

pact, and greater resilience to environmental disturbances. Nevertheless, fault restoration
in underground feeders remains difficult because faulted sections must be identified under
limited measurement availability, complex branching structures, and strongly attenuated
transient signals. These challenges become more pronounced as cable insulation deterio-
rates under thermal, electrical, mechanical, and environmental stresses. Aging modifies
dielectric behavior, conductivity, and effective electromagnetic parameters, thereby altering
transient attenuation, dispersion, and propagation velocity [1–4].

Traveling-wave (TW) methods remain physically interpretable fault-location tech-
niques because the arrival times and spectral content of fault-initiated high-frequency
transients contain distance information. Single-ended, double-ended, time–frequency,
full-waveform, and frequency-domain formulations have therefore been widely inves-
tigated [5–9]. Their practical accuracy, however, depends on the recorder bandwidth,
sampling frequency, synchronization, sensor response, propagation-velocity estimation,
and reliable wavefront detection. Underground and hybrid feeders introduce additional
attenuation, dispersion, discontinuities, and branch-dependent reflections that can distort
the first arrival and increase location ambiguity [10–15].

Learning-based methods can exploit multi-channel waveforms and time–frequency
representations without relying exclusively on a single detected arrival. However, purely
data-driven models may be sensitive to changes in cable parameters, fault resistance,
operating point, feeder topology, and measurement conditions. Physics-informed and
physics-regularized learning address this limitation by embedding governing relations or
engineering constraints into the training process [16–20]. In protection-oriented applica-
tions, attribution methods can additionally support the examination of the signal regions
associated with diagnostic decisions, although model explanations must be validated before
they are interpreted as evidence of decision faithfulness [21].

Existing studies generally address cable aging, TW processing, learning-based di-
agnosis, physics-constrained training, and interpretability as separate problems. Their
integration remains limited for branched underground feeders in which aging-induced
parameter drift, fault resistance, waveform distortion, measurement noise, and nonuni-
form sensor observability simultaneously affect fault-type classification and continuous
location estimation. To address this gap, this paper proposes a physics-regularized Hybrid
framework for joint fault-type classification, feeder-area identification, and continuous fault
localization. The framework combines controlled aging-aware simulation, synchronized
multi-sensor time–frequency inputs, an output-dependent propagation-consistency loss,
and area-specific local regression.

The principal contributions are as follows:

1. Controlled aging-aware transient modeling: A normalized aging-stress index
α ∈ [0, 1] is used to impose bounded and physically interpretable variations on the
per-unit-length cable matrices, enabling a comparative evaluation under structured
parameter drift.

2. Output-dependent physics regularization: A propagation-consistency residual is
formulated explicitly as a function of the model-predicted fault position, ensuring that
the physics term contributes gradients to the trainable parameters.

3. Area-aware multi-sensor localization: A feeder-area classification head, fixed area-
dependent sensor selectors, and six local regression heads are combined through a
topology-dependent local-to-global coordinate mapping.
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4. Unified multi-task evaluation: Fault-type classification, area identification, and contin-
uous localization are evaluated using the same simulated events and signal represen-
tation for TW-TOA, Baseline, PINN, and Hybrid configurations.

5. Robustness and uncertainty assessment: This paper examines performance across nor-
malized aging stress, fault resistance, additive noise, feeder areas, bootstrap resamples,
calibration, and selective prediction. Time–frequency saliency is included only as a
qualitative illustration rather than as quantitative evidence of explanation faithfulness.

The resulting formulation is evaluated as an in-domain comparative study using
unseen events generated within the same controlled simulator and parameter ranges.

2. Related Work
Research relevant to the proposed framework spans underground-cable aging,

traveling-wave fault location, learning-based diagnosis, and physics-informed modeling.
Cable degradation is driven by interacting thermal, electrical, and environmental stresses
that alter insulation properties, conductor losses, dielectric behavior, and expected service
life [1,2,4]. Partial-discharge measurements provide complementary evidence of insulation
deterioration and have been used to characterize degradation progression [3]. These studies
motivate the inclusion of aging-related parameter variability, although they do not directly
address joint post-fault classification and localization under transient propagation changes.

Traveling-wave methods estimate fault position from high-frequency transients gen-
erated at fault inception. Their theoretical foundations, measurement requirements, and
principal implementation challenges are summarized in [5]. Time–frequency analysis
and Park-transformation-based processing have been used to improve transient charac-
terization and wavefront extraction [6,7]. Other formulations address unsynchronized
measurements, series-compensated lines, simultaneous faults, and propagation-error com-
pensation [22–25]. In distribution and underground networks, branching, wavefront
distortion, attenuation, and frequency-dependent propagation remain important sources of
uncertainty [9–11,13–15].

Data-driven diagnostic methods can use wavelet coefficients, time–frequency maps,
envelopes, or full transient waveforms to capture information that is not represented by
a single arrival-time estimate. Distributed transient-processing algorithms and learning-
based classifiers have demonstrated the diagnostic value of representative waveform
data [26–28]. Their performance, however, depends on the correspondence between the
training and deployment domains, particularly when cable parameters, network topology,
operating conditions, fault resistance, or measurement characteristics change. Physics-
informed fault-diagnosis research therefore seeks to combine learned representations with
physical constraints or prior knowledge [29].

Physics-informed learning has been applied to power-system dynamics, state estima-
tion, high-impedance fault detection, and constrained optimization [16–20]. Explainable-
learning methods have also been proposed for high-voltage equipment diagnostics to
support the engineering interpretation of model decisions [21]. Nevertheless, the lit-
erature provides a limited integration of controlled cable-parameter drift, multi-sensor
time–frequency learning, output-dependent physics regularization, and area-conditioned
continuous localization within a common branched underground-feeder framework. This
paper addresses this methodological intersection while treating the available saliency
visualization as qualitative rather than as validated evidence of attribution faithfulness.

3. System Modeling and Cable Aging Formulation
This section defines the electrical model of the underground feeder, the cable parame-

terization under aging, and the mathematical objects used later to generate fault transients
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and to impose physics-consistency constraints. The formulation is kept general (per-unit-
length distributed parameters) and then specialized to a numerically tractable multi-section
representation suitable for time-domain simulation.

3.1. Network and Measurement Model

Consider a radial or weakly meshed distribution network composed of buses (nodes)
connected by underground cable segments. Let N be the set of buses and E the set of cable
branches. Each branch e ∈ E connects buses (i, j) and has length ℓe.

Voltage and current measurements are assumed available at a subset of busesM⊆ N ,
typically at the substation and optionally at selected monitoring points. For each monitored
bus m ∈ M, the measured three-phase voltage and current vectors, denoted by vm(t) and
im(t), respectively, are given by

vm(t) =

va,m(t)
vb,m(t)
vc,m(t)

, im(t) =

ia,m(t)
ib,m(t)
ic,m(t)

. (1)

These waveforms are used to detect and localize faults and to compute time–frequency
representations (Section 4).

3.2. Fault Modeling

Faults are modeled as shunt connections at an unknown location x f ∈ (0, ℓ) along
a branch with fault resistance R f and fault type T ∈ {SLG, LL, DLG, LLL, LLLG}. At the
fault point, the phase-domain relation can be expressed as

i f (t) = Y f (T , R f ) v f (t), (2)

where v f (t) and i f (t) are the three-phase voltage and injected fault current at the fault
location, and Y f is the fault admittance matrix encoding the fault connections. For example,
for an a-phase-to-ground fault (SLG on phase a),

YSLG-a
f (R f ) =

1/R f 0 0
0 0 0
0 0 0

, (3)

and analogous forms apply for LL, DLG, LLL, and LLLG faults using appropriate phase
couplings. This admittance-based representation is convenient for embedding faults into
nodal equations during simulation.

3.3. Traveling-Wave Signatures and Modeling Requirements

Traveling-wave-based fault location relies on capturing high-frequency transients
initiated at fault inception. The ability of the model to represent attenuation, dispersion,
and reflections is therefore critical. TW-based fault location methods and their practical
challenges are reviewed in [5], and time–frequency traveling-wave characterization has
been shown to be useful for enhancing location performance [6]. Distorted wavefronts in
distribution networks can degrade classical estimators, motivating an explicit consideration
of wavefront distortion in fault location algorithms [10]. The modeling approach adopted
here (distributed parameters approximated by multi-section π) is designed to preserve
these transient phenomena with controllable fidelity.
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3.4. Implementation: Data Generation Pipeline (Pseudocode)

Algorithm 1 summarizes the aging-aware simulation procedure used to generate
labeled fault data for subsequent learning. It explicitly samples the normalized aging-stress
index α, fault type T , fault resistance R f , and fault location x f .

Algorithm 1: Aging-aware fault transient data generation
Input: Network topology (N , E), nominal cable matrices (R0, L0, C0, G0),

discretization Nπ

Input: Sampling ranges: α ∼ Dα, T ∼ DT , R f ∼ DR, x f ∼ Dx, operating point
ξ ∼ Dξ

Output: Labeled dataset S = {({vm(t), im(t)}m∈M, T , x f , α)}
Initialize empty set S ← ∅;
for n = 1 to Nsamples do

Sample normalized aging-stress index α(n) ∼ Dα;
Compute aged matrices using (13)–(16);
Discretize each cable branch into Nπ π-sections with (Rk, Lk, Ck, Gk);
Sample operating point ξ(n) (loads, DG if applicable);
Run pre-fault steady state under ξ(n);

Sample fault type T (n), location x(n)f , and resistance R(n)
f ;

Apply fault admittance Y f (T (n), R(n)
f ) at x(n)f using (2);

Simulate time-domain transient and record {vm(t), im(t)}m∈M;

Store ({vm(t), im(t)}m∈M, T (n), x(n)f , α(n)) in S ;

return S .

3.5. Compact Diagram of the Modeling Workflow

Figure 1 provides a compact workflow diagram linking aging parameterization, cable
discretization, fault insertion, and waveform recording. The diagram is designed to fit
within a single column/page width.

Nominal cable model
R0,L0,C0,G0

Aging parameterization
R(α),L(α),C(α),G(α)

Nπ-section discretization
π-equivalent sections
{Rk,Lk,Ck,Gk}Nπ

k=1

Operating point
(loads, DG if any)

Fault scenario
type T , location
xf , resistance Rf

Time-domain simulation
transient response

Recorded signals
{vm(t), im(t)}m∈M

Figure 1. Aging-aware modeling workflow: nominal cable parameters are degraded via a normal-
ized aging-stress index α, discretized into Nπ cascaded π-sections, and combined with operating
conditions and an explicit fault scenario as inputs to the time-domain simulation, which produces
transient voltage and current measurements.

3.6. Underground Cable Electrical Model

This subsection formalizes the electrical representation of underground cables used
throughout the proposed framework. We adopt a distributed-parameter multiconduc-
tor model to capture attenuation, dispersion, and coupling effects that critically shape
fault-initiated high-frequency transients, which are central to traveling-wave-based fault
analysis [5,6,10].
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3.6.1. Multiconductor Telegrapher Equations (Frequency Domain)

Consider an underground cable segment of length ℓ with longitudinal coordinate
x ∈ [0, ℓ]. Let V(x, ω) ∈ Cp and I(x, ω) ∈ Cp denote the phasor voltage and current vectors
of a p-conductor representation (e.g., p = 3 for three-phase phase-domain modeling). The
multiconductor telegrapher equations are

dV(x, ω)

dx
= −Z(ω) I(x, ω), (4)

dI(x, ω)

dx
= −Y(ω)V(x, ω), (5)

where the per-unit-length impedance and admittance matrices are

Z(ω) = R + jω L, (6)

Y(ω) = G + jω C. (7)

Here, R, L, G, C ∈ Rp×p are, respectively, the series resistance, series inductance, shunt con-
ductance, and shunt capacitance matrices. Off-diagonal entries represent mutual coupling
among conductors, and G accounts for dielectric loss.

Combining (4) and (5) yields second-order matrix wave equations:

d2V(x, ω)

dx2 = Z(ω)Y(ω)V(x, ω), (8)

d2I(x, ω)

dx2 = Y(ω)Z(ω) I(x, ω). (9)

The propagation matrix and characteristic impedance matrix are defined as

Γ(ω) =
(
Z(ω)Y(ω)

)1/2, Zc(ω) =
(
Z(ω)Y(ω)−1)1/2, (10)

where (·)1/2 denotes the principal matrix square root. These quantities govern attenua-
tion/phase shift and reflection behavior, which directly affects wavefront detection and
time–frequency feature extraction in traveling-wave-based fault location [5,6].

3.6.2. Numerically Tractable Time-Domain Representation: Cascaded π-Sections

To simulate transients efficiently in the time domain while retaining distributed behav-
ior, each cable segment is discretized into Nπ cascaded π-sections of length ∆x = ℓ/Nπ .
For each section k ∈ {1, . . . , Nπ}, the lumped matrices are

Rk = R ∆x, Lk = L ∆x, Gk = G ∆x, Ck = C ∆x. (11)

The corresponding series and shunt elements in the Laplace domain are

Zk(s) = Rk + sLk, Yk(s) = Gk + sCk, (12)

with s the Laplace variable. Increasing Nπ improves the approximation of distributed
propagation and waveform distortion effects, which is relevant when wavefronts are
distorted by network conditions [10].

3.6.3. Monitoring Signals and Notation

The monitored three-phase voltage and current vectors are defined in (1). These signals
constitute the measured boundary information used for transient recording, time–frequency
feature construction, and physics-regularized inference.
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3.6.4. Visual Summary (Electrical Model and Discretization)

Figure 2 summarizes the adopted modeling hierarchy: distributed parameters
(R, L, C, G) per unit length are mapped to a cascaded π-section network, which is then
used for time-domain transient simulation.

Distributed cable model
Z(ω) = R + jωL
Y(ω) = G + jωC

Telegrapher equations
dV
dx

= −ZI, dI
dx

= −YV

Nπ cascaded π-sections
{Rk,Lk,Ck,Gk}Nπ

k=1
with ∆x = ℓ/Nπ

Time-domain simulation
{vm(t), im(t)}m∈M

Figure 2. Electrical modeling hierarchy for underground cables: distributed parameters and telegra-
pher equations are approximated by cascaded π-sections for time-domain transient simulation.

3.7. Aging Parameterization

Underground cable aging is driven by combined thermal, electrical, and environmental
stresses that progressively alter conductor losses and dielectric behavior [1,2,4]. Rather than
assuming a single deterministic end-of-life, recent work emphasizes probabilistic lifetime
assessment under thermal aging and the influence of uncertain operating conditions [4]. In
parallel, diagnostic evidence such as partial discharge activity has been shown to correlate
with insulation degradation progression [3]. Motivated by these findings, we introduce a
normalized aging-stress index that enables the controlled stress testing of fault diagnosis
and location under parameter drift.

3.7.1. Normalized Aging-Stress Index and Parameter Mapping

The scalar variable α ∈ [0, 1] is defined as a normalized degradation-stress coordinate.
The value α = 0 represents the nominal cable condition used to define the baseline per-unit-
length matrices, whereas α = 1 represents the upper bound of the controlled degradation
domain considered in the simulations. This variable is not treated as a directly measured
calendar age, lifetime fraction, or asset-health index. Instead, it provides a reproducible
way to perturb cable parameters and to evaluate whether the diagnostic model remains
robust under structured aging-induced parameter drift.

Let R0, L0, C0, and G0 denote the nominal per-unit-length resistance, inductance, ca-
pacitance, and conductance matrices, respectively. The aged matrices used in the simulation
domain are parameterized as

R(α) =
(
1 + κR α

)
R0, (13)

L(α) =
(
1 + κL α

)
L0, (14)

C(α) =
(
1− κC α

)
C0, (15)

G(α) =
(
1 + κG α

)
G0, (16)

where κR, κL, κC, κG ≥ 0 are dimensionless sensitivity coefficients. Equations (13)–(16)
preserve the nominal matrix coupling structure while imposing interpretable monotonic
trends: increased effective series losses through R(α), modified electromagnetic energy
storage and propagation through L(α) and C(α), and increased dielectric leakage through
G(α). These trends are consistent with the qualitative effects of insulation degradation,
thermal stress, and dielectric deterioration reported in cable-aging studies [1–4].

The coefficients κR, κL, κC, and κG should therefore be interpreted as controlled sensitiv-
ity parameters rather than field-calibrated aging constants. In the absence of asset-specific
calibration data, their role is to define a bounded perturbation domain over which the
learning models are compared under identical conditions. To avoid nonphysical parameter
degeneration, the selected coefficients must satisfy

1 + κRα > 0, 1 + κLα > 0, 1− κCα > 0, 1 + κGα > 0, ∀α ∈ [0, 1]. (17)
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Thus, a sufficient condition is κC < 1, together with non-negative κR, κL, and κG. If the
nominal matrices are positive definite or positive semidefinite according to their physical
role, these scalar perturbations preserve the corresponding definiteness properties over the
simulated aging interval.

The linear dependence on α in (13)–(16) can also be interpreted as a first-order approx-
imation of a more general monotonic aging law. Specifically, one may write

R(α) =
(
1 + κR ψR(α)

)
R0, (18)

L(α) =
(
1 + κL ψL(α)

)
L0, (19)

C(α) =
(
1− κC ψC(α)

)
C0, (20)

G(α) =
(
1 + κG ψG(α)

)
G0, (21)

where ψq(0) = 0, ψq(1) = 1, and ψq(α) is a monotonic shaping function for q ∈ {R, L, C, G}.
The experiments in this paper use the first-order setting ψq(α) = α to isolate the effect
of controlled aging-driven drift without introducing additional calibration-dependent
nonlinear parameters. Nonlinear choices, such as ψq(α) = αηq with ηq > 0, can be used
when laboratory, field, thermal-history, or partial-discharge data are available to identify
asset-specific aging trajectories.

Real underground-cable aging may also be frequency dependent. A more general
representation would replace the effective matrices in (13)–(16) by frequency-dependent
quantities,

Z(ω, α) = R(ω, α) + jωL(ω, α),

Y(ω, α) = G(ω, α) + jωC(ω, α).
(22)

This paper uses broadband effective parameters in the transient simulation to obtain a
reproducible and computationally tractable validation domain. Therefore, the reported
results quantify robustness to structured parameter drift—not the calibration accuracy of a
specific aged cable asset.

The practical interpretation of the four sensitivity coefficients and the corresponding
admissibility criteria are summarized in Table 1. The table distinguishes the physical
trend represented by each coefficient from the criterion used to keep the simulated cable
parameters within a bounded and physically admissible domain.

Table 1. Interpretation of the aging-sensitivity coefficients used in the controlled simulation domain.

Coeff. Modeled Effect Selection Criterion

κR Increase of effective series losses.
Chosen to produce monotonic loss
increase while preserving positive
series resistance.

κL

Change in effective magnetic
coupling and propagation
characteristics.

Chosen as a bounded perturbation of
the nominal inductive matrix without
altering its coupling structure.

κC

Reduction of effective capacitive
behavior associated with dielectric
degradation.

Chosen with κC < 1 to ensure C(α)
remains nondegenerate for all
α ∈ [0, 1].

κG
Increase of dielectric leakage and
shunt losses.

Chosen to stress attenuation and
damping effects while preserving a
physically admissible shunt
conductance.
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Together, these coefficient definitions ensure that the aging parameterization is used as
a controlled perturbation model for robustness assessment while avoiding the interpretation
of κR, κL, κC, and κG as field-calibrated constants for a particular cable asset.

3.7.2. Aging-Aware π-Section Parameters

For a cable segment discretized into Nπ sections, the aging-aware lumped parameters
become

Rk(α) = R(α)∆x,

Lk(α) = L(α)∆x,

Ck(α) = C(α)∆x,

Gk(α) = G(α)∆x

(23)

with ∆x = ℓ/Nπ . This construction ensures that each simulated normalized aging-stress
level modifies the time-domain cable network consistently with the per-unit-length param-
eterization. Since the same α is propagated from the continuous-domain matrices to every
cascaded π-section, the resulting transient waveforms reflect a coherent aging-induced
perturbation of propagation, attenuation, and reflection behavior. The construction also
ensures that all methods are evaluated under the same aged network realization for each
event so that performance differences are attributable to the diagnostic models rather than
to inconsistent scenario generation.

3.7.3. Visual Summary (Aging Map)

Figure 3 illustrates the aging parameterization as a deterministic mapping from α to
the per-unit-length matrices used in the electrical model.

Aging index
α ∈ [0, 1]

Aging mapping
R,L,C,G update

Aged cable parameters
R(α),L(α),C(α),G(α)

Figure 3. Aging parameterization: a normalized aging-stress index α is mapped to aged per-unit-
length cable matrices used by the electrical model.

3.8. Role of the Aging Model in the Proposed Method

The above formulation serves two purposes in the proposed framework. First, it
generates labeled transient waveforms under controlled parameter drift, allowing the
diagnostic models to be evaluated across nominal and degraded cable conditions. Second,
it provides an explicit physical structure that can be used in the physics-consistency regu-
larization terms during learning. In particular, the dependence of Z(ω, α) and Y(ω, α) on α

supplies a structured mechanism to create aging-induced domain shift and to test whether
the proposed hybrid model maintains classification and localization performance when
propagation and attenuation characteristics deviate from the nominal condition.

The relevance of aging for fault location can also be seen from the effective modal
propagation velocity. For a weakly coupled modal approximation, the velocity can be
interpreted as

veff(α) ≈
1√

Leff(α)Ceff(α)
, (24)

where Leff(α) and Ceff(α) denote effective modal inductive and capacitive parameters. A
relative velocity perturbation produces an approximate distance bias

∆x ≈ tarr ∆veff, (25)

for an arrival time tarr. Therefore, even bounded aging-induced changes in propagation and
attenuation can bias TOA-based location estimates and alter the time–frequency features
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used by learning-based methods. This motivates including α as a structured stress variable
in the simulation and in the physics-consistency terms.

The aging model is not intended to replace asset-specific insulation diagnostics. Field
deployment would require the calibration of α or replacement of α by measured condition
indicators, such as thermal history, dielectric-loss measurements, partial-discharge features,
or other cable-health diagnostics. Within the scope of this paper, however, the normalized
aging-stress index provides a reproducible stress-testing variable for comparing traveling-
wave, data-driven, physics-regularized, and hybrid diagnostic methods under identical
simulated degradation conditions.

4. Dataset Generation and Fault Scenarios
This section formalizes the dataset generation process used to train and evaluate

the proposed hybrid physics-informed and explainable framework within the controlled
simulation domain. Each sample is produced by (i) selecting an operating condition,
(ii) selecting a normalized cable degradation-stress level, (iii) inserting a fault event with
controlled type, location, and resistance, and (iv) simulating the transient response to
record three-phase voltage and current waveforms at monitoring locations. The design
explicitly targets traveling-wave observables and waveform distortions that influence fault
location and classification performance [5,6,10]. Moreover, the parameter drift induced
by underground cable aging is incorporated to reflect controlled long-term degradation
uncertainty rather than field-calibrated asset aging [1–4].

4.1. Fault Types and Locations

Let the feeder/cable path under study be parameterized by a one-dimensional coordi-
nate x ∈ [0, ℓ], where ℓ is the total electrical length (or physical length, if a homogeneous
propagation model is assumed). A fault is characterized by the tuple

θ f ≜
(
T , x f , R f , t f

)
, (26)

where T is the fault type, x f ∈ (0, ℓ) is the fault location, R f > 0 is the fault resistance, and
t f is the fault inception time.

4.1.1. Fault Type Set

We define a finite set of fault types

T ∈ ST , (27)

where ST includes the relevant short-circuit classes for distribution systems. In practical
dataset generation, ST is chosen to cover both ground-involved and phase-to-phase events,
as traveling-wave signatures and time–frequency features can differ significantly across
classes [5,6]. The dataset is built to enable multi-class fault classification jointly with
continuous or discretized fault location estimation.

The fault set considered in this paper focuses on shunt short-circuit events, including
single-line-to-ground, line-to-line, double-line-to-ground, three-phase, and three-phase-
to-ground faults. These classes represent the primary short-circuit categories required for
joint fault-type classification and location. Other events, such as open-conductor faults,
intermittent arcing faults, evolving faults, simultaneous multi-location faults, or high-
resistance insulation defects before complete breakdown, are not included in the present
label space. These cases can occur in practical networks and are relevant for protection
and asset-health monitoring; however, including them would require additional event
models, labels, and validation data. This paper therefore uses the above short-circuit set as
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a controlled diagnostic domain, while the proposed multi-task structure can be extended
by enlarging ST when additional event classes are available.

4.1.2. Location Parameterization

For reporting and sampling convenience, the fault location can be expressed as a
normalized position

λ f ≜
x f

ℓ
∈ (0, 1), (28)

or equivalently as a percentage along the feeder 100λ f %. Dataset samples are generated
by drawing λ f from a prescribed distribution, for example uniform, over a constrained
interval away from terminals to avoid degenerate reflections:

λ f ∼ U (λmin, λmax), 0 < λmin < λmax < 1. (29)

This formulation ensures the coverage of interior locations where wavefront detection and
distortion are informative [10].

4.1.3. Fault Resistance Model

The fault resistance R f governs the magnitude and spectral content of the transient in-
jection and thus strongly affects traveling-wave detection reliability and feature separability.
We sample

R f ∼ U (Rmin, Rmax), 0 < Rmin < Rmax, (30)

with bounds selected to include low-resistance, or strong, and higher-resistance, or
weak, faults.

4.1.4. Fault Insertion as an Equivalent Boundary Condition

In time-domain simulation, the fault event is implemented as a shunt connection at
node/location x f with equivalent impedance Z f (t), which is typically modeled as

Z f (t) = R f · u(t− t f ), (31)

where u(·) is the unit step. This produces an abrupt change in the network boundary
condition at t = t f , initiating traveling waves whose arrival times and frequency-dependent
dispersion contain the information exploited by fault location methods [5,6].

4.2. Simulation Scenarios
4.2.1. Scenario Parameter Vector

Each simulated sample is defined by a scenario vector

θ ≜
(
θ f , α, θop, θn

)
, (32)

where θ f is the fault descriptor in (26), α ∈ [0, 1] is the normalized aging-stress index,
θop encodes operating conditions, such as loading levels and, if applicable, distributed
generation dispatch, and θn encodes measurement noise settings.

4.2.2. Normalized Aging-Stress Sampling

To model degradation-driven parameter drift within the controlled simulation domain,
each sample is assigned a normalized aging-stress level

α ∼ U (0, 1), (33)
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and the aged per-unit-length parameters R(α), L(α), C(α), and G(α) are computed using
Section 3.7. Uniform sampling is used to ensure balanced coverage of the full degradation-
stress interval rather than to represent the empirical distribution of ages in a particular
utility fleet. This enables systematic robustness assessment under aging-induced pa-
rameter drift and is consistent with treating cable degradation as uncertain and stress-
dependent [1,2,4]. Partial-discharge-based degradation evidence further motivates testing
a broad range of degradation conditions [3].

4.2.3. Operating Point Variability

Let θop denote the operating point parameters. At minimum, we represent operating
variability through a load scaling factor γL:

pL = γL pL,0,

qL = γL qL,0,
(34)

where pL,0 and qL,0 are baseline nodal active and reactive demands, respectively, and γL

is sampled from a prescribed interval γL ∈ [γL,min, γL,max]. This ensures that transients
are generated under diverse prefault states, which can influence wavefront amplitude and
detection thresholds.

4.2.4. Measurement Noise and SNR Definition

To emulate realistic measurement conditions, additive noise is injected into each
recorded channel, including voltage and current. For a generic scalar signal s(t), corre-
sponding to one phase at one measurement location, we define the noisy observation

s̃(t) = s(t) + n(t), (35)

where n(t) is zero-mean noise with variance selected to meet a target signal-to-noise ratio
(SNR). Using the energy-based definition,

SNRdB = 10 log10

(
∑t∈Tw s2(t)
∑t∈Tw n2(t)

)
, (36)

over a time window Tw that contains the fault transient. For each sample, SNRdB is drawn
within a prescribed range and n(t) is scaled accordingly.

4.2.5. Dataset Construction and Labeling

Let
D =

{(
X(i), y(i), ζ(i)

)}N

i=1
(37)

denote the final dataset, where X(i) is the stacked time–frequency tensor constructed from
the synchronized noisy voltage and current waveforms. The supervised target vector is

y(i) =
(

y(i)cls, y(i)A , y(i)loc

)
, (38)

with

y(i)cls = T
(i) ∈ ST , (39)

y(i)A = a(i) ∈ {1, . . . , A}, (40)

y(i)loc = λ
(i)
f ∈ (0, 1). (41)
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The feeder-area label a(i) is assigned deterministically from the mutually exclusive area
partition containing the simulated fault position. Thus, every event contains the three
supervised targets required for fault-type classification, feeder-area identification, and
continuous localization.

The auxiliary physics information associated with event i is

ζ(i) =
(

α(i), t(i)0 , τ̂(i)
)

, (42)

where α(i) is the normalized aging-stress index, t(i)0 = t(i)f is the simulator-defined fault-
inception time, and

τ̂(i) =
{

τ̂
(i)
m

}
m∈M(i)

valid

(43)

contains the valid transient-arrival estimates obtained from the recorded waveforms. These
auxiliary variables are used only to construct the propagation-consistency loss during
training and are not additional prediction targets.

Accordingly, the learning-based models receive the same time–frequency input tensor
and supervised labels, while the PINN and Hybrid configurations additionally use ζ(i)

during training. The raw voltage and current waveforms remain the source signals from
which both X(i) and the arrival-time estimates are obtained.

4.2.6. Algorithmic Procedure

Algorithm 2 summarizes the complete scenario-sampling, transient-simulation, pre-
processing, and labeling procedure.

Algorithm 2: Dataset generation with aging-aware parameters, area labels, and
physics metadata

Input: Network topology (N , E); nominal cable matrices (R0, L0, C0, G0); discretization
Nπ ; monitoring setM; feeder-area partition {Aa}A

a=1; numerical ranges specified in
Section 7.3.

Output: Dataset D = {(X(i), y(i), ζ(i))}N
i=1.

for i = 1 to N do
Sample normalized aging-stress index α(i) ∼ U (0, 1);
Compute R(α(i)), L(α(i)), C(α(i)), and G(α(i));
Discretize the cable sections into Nπ π-sections using (23);

Sample operating point θ
(i)
op , including the load factor γ

(i)
L ;

Sample fault type T (i) ∈ ST ;

Sample fault location λ
(i)
f ∼ U (λmin, λmax) and determine the corresponding physical

position x(i)f ;

Assign the feeder-area label a(i) from the unique partition satisfying x(i)f ∈ Aa(i) ;

Sample fault resistance R(i)
f ∼ U (Rmin, Rmax);

Set the fault-inception time t(i)0 = t(i)f and apply the fault using (31);

Run the time-domain simulation and record {vm(t), im(t)}m∈M;

Sample SNR(i)
dB and inject additive noise using (35) and (36);

Construct X(i) using the STFT and channel-stacking procedure defined in Section 5.2;

Detect τ̂(i) = {τ̂(i)
m }m∈M(i)

valid
using (47);

Set y(i) ←
(
T (i), a(i), λ

(i)
f
)
;

Set ζ(i) ←
(
α(i), t(i)0 , τ̂(i));

Add (X(i), y(i), ζ(i)) to D.
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4.2.7. Numerical Instantiation

The generic sampling procedure above is instantiated numerically in the case-study
protocol of Section 7.3, where the feeder topology, monitored locations, dataset size, and
scenario ranges are specified for the reported simulations.

5. Proposed Hybrid Physics-Informed XAI Framework
This section presents the proposed hybrid physics-informed and explainable frame-

work for joint fault type classification and fault location in underground distribution
networks under parameter drift induced by cable aging. The design targets two coupled
challenges: (i) traveling-wave transients are strongly shaped by frequency-dependent
propagation and waveform distortion [5,6,10], and (ii) underground cable aging alters the
effective electrical parameters and thus the transient signatures [1–4]. Physics-informed
learning is used to regularize the data-driven model so that predictions remain consis-
tent with the governing cable dynamics (Section 3.6) and the aging parameterization
(Section 3.7), while an explainability module provides feature-level attribution to support
auditing and diagnostic interpretability [21].

To make the methodological separation among the evaluated configurations ex-
plicit, Table 2 summarizes the diagnostic principle, physics usage, and evaluation role
of each method. This hierarchy is used to isolate the incremental contribution of su-
pervised time–frequency learning, physics-consistency regularization, and the complete
Hybrid formulation.

Table 2. Methodological hierarchy of the evaluated diagnostic configurations.

Configuration Diagnostic Principle Use of Physics Role in the Evaluation

TW-TOA

Classical traveling-wave
time-of-arrival
estimation based on
detected transient
wavefronts.

Uses propagation-time
interpretation and
assumed wave velocity,
but no learned
representation.

Provides a physically
interpretable reference
for conventional
TW-based localization.

Baseline

Supervised learning
from the same transient
time–frequency
representation used by
the learning-based
models.

No explicit dynamic
residual is imposed;
equivalently, the
physics-regularization
weight is set to
λphy = 0.

Isolates the performance
of purely data-driven
representation learning
under the same dataset
split and task
definitions.

PINN

Physics-regularized
learning using the same
supervised task
structure and an
additional dynamic
consistency penalty.

Uses the aging-aware
cable matrices to
construct Lphy during
training.

Isolates the contribution
of physics-consistency
regularization relative to
the purely data-driven
baseline.

Hybrid

Complete proposed
formulation combining
transient
time–frequency
learning,
aging-conditioned
physics consistency,
area-aware localization,
multi-sensor
information, and
task-specific
explanation.

Uses the aged cable
model to regularize
learning and to structure
the diagnostic pipeline
under parameter drift.

Evaluates the full
integrated method
proposed in this paper
for simultaneous
fault-type classification,
area identification, and
continuous fault
localization.
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Accordingly, the term Hybridrefers to the complete integration of data-driven transient
representation learning with aging-aware physical structure and diagnostic explainability.
It is therefore distinguished from the PINN configuration, which is used as an ablation
baseline to evaluate the isolated effect of adding a physics residual to the supervised
learning objective.

The evaluated configurations are intended to form an ablation-oriented benchmark hi-
erarchy rather than an exhaustive survey of all possible machine-learning architectures. TW-
TOA represents a conventional physically interpretable traveling-wave reference, Baseline
isolates supervised time–frequency learning without explicit physics regularization, PINN
isolates the effect of the dynamic residual, and Hybrid evaluates the complete proposed
integration. Other data-driven baselines, such as wavelet-feature classifiers, support-vector
machines, random forests, gradient-boosted trees, recurrent networks, or transformer-style
architectures, are relevant alternatives for broader empirical benchmarking. However,
including such models without matched inputs, task definitions, and training budgets can
confound the specific contribution being tested here—namely, the incremental value of
aging-aware physics regularization and area-aware multi-sensor fusion.

5.1. Traveling-Wave TOA Reference Implementation for Baseline Comparison

The TW-TOA configuration is implemented as a physically interpretable reference
method based on detected wavefront arrival times. It is not a learning-based model. For
each measured channel sm(t), a high-frequency residual is first extracted as

sHF
m (t) = sm(t)−LLP{sm(t)}, (44)

where LLP{·} is a low-pass smoothing operator used to remove the dominant fundamental
component and slow variations. The transient envelope is then computed using the
analytic signal:

em(t) =
∣∣∣sHF

m (t) + jH{sHF
m (t)}

∣∣∣, (45)

whereH{·} denotes the Hilbert transform. A pre-fault interval Tpre is used to estimate the
envelope noise floor,

µ
pre
m = meant∈Tpre em(t), σ

pre
m = stdt∈Tpre em(t). (46)

The first arrival time at sensor m is selected as

τ̂m = min
{

t ∈ Tw : em(t) ≥ µ
pre
m + ρ σ

pre
m

}
, (47)

where ρ > 0 is a detection threshold multiplier. When the threshold crossing occurs
between adjacent samples, a local quadratic interpolation of the envelope peak is used to
obtain a sub-sample estimate of τ̂m.

Given the detected arrivals, the TW-TOA reference jointly evaluates the feeder-area
hypotheses and the candidate fault position within each area:

(âTOA, x̂TOA) = arg min
a∈{1,...,A}

x∈Aa

∑
m∈Mvalid

a

wm

(
τ̂m − t0 −

dm(x)
v̂(α)

)2

∑
m∈Mvalid

a

wm
, (48)

whereMvalid
a = Ma ∩Mvalid is the subset of area-associated sensors for which a valid

arrival time is detected, x is the ordered arc-length coordinate within area Aa, dm(x) is the
path distance from the candidate point to sensor m, v̂(α) is the assumed aging-conditioned
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propagation velocity, and wm > 0 is a sensor-reliability weight. Normalization by the sum
of the active sensor weights prevents areas with different numbers of available sensors
from being favored solely because of the cardinality of their sensor subsets.

The resulting continuous estimate is mapped to the global normalized feeder coordi-
nate as

λ̂TOA = ΦâTOA

(
x̂TOA

ℓâTOA

)
, (49)

where ℓâTOA
is the ordered arc length of the selected area and ΦâTOA

is the same local-to-
global mapping used by the area-wise learning formulation. Therefore, TW-TOA does not
use a separate learned area classifier: its predicted area is the area index associated with
the minimum propagation-time residual in (48).

In the controlled simulation evaluation, t0 and α are available from the generated
scenario and are applied consistently to all TW-TOA test cases. In practical deployment, t0

must be estimated from synchronized measured transients using a detector such as (47),
while v̂(α) must be obtained from a calibrated propagation model or an online condition-
dependent estimate.

This baseline is intentionally sensitive to wavefront distortion, propagation-velocity
uncertainty, measurement bandwidth, and sampling resolution. It therefore provides a con-
ventional TW reference against which the data-driven, PINN, and Hybrid configurations
can be compared under the same simulated scenarios.

5.2. Overall Architecture

Let {vm(t), im(t)}m∈M denote the recorded three-phase measurements (Section 3.6).
The framework applies a time–frequency operator T {·} to extract transient-localized
representations; then, it performs joint inference of fault type and location with a physics-
informed hybrid model fθ(·), and finally, it computes post hoc explanations E(·) that
quantify which time–frequency components drive the decision. The learning-based con-
figurations in Table 2 use matched input representations, task definitions, and data splits;
their differences arise from the inclusion or exclusion of physics-consistency regularization
and from the additional area-aware and explainability components of the complete Hybrid
formulation.

Formally, for each sensor m ∈ M, modality q ∈ {v, i}, and phase ϕ ∈ {a, b, c}, let

sm,q,ϕ[n], n ∈ {0, . . . , Nw − 1}, (50)

denote the corresponding discrete-time channel expressed in per-unit values. Each record
contains Nw = 4000 samples obtained from the Tw = 20 ms observation window at
fs = 200 kHz.

The time–frequency operator T {·} is the short-time Fourier transform (STFT). A
periodic Hann window of length Lw = 256 samples is used:

w[n] =
1
2
− 1

2
cos
(

2πn
Lw

)
, n = 0, . . . , Lw − 1. (51)

Consecutive windows overlap by Lov = 192 samples, corresponding to a 75% overlap and
a hop size

H = Lw − Lov = 64 samples = 0.32 ms. (52)

Using an FFT length of NFFT = 256, the STFT is defined as

T
{

sm,q,ϕ
}
(k, r) =

Lw−1

∑
n=0

sm,q,ϕ[n + rH]w[n] exp
(
−j

2πkn
NFFT

)
, (53)
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where

r = 0, . . . , Nτ − 1, Nτ = 1 +
⌊

Nw − Lw

H

⌋
= 59. (54)

The frequency spacing is

∆ f =
fs

NFFT
= 781.25 Hz. (55)

Only the frequency interval from 0 to 50 kHz is retained. Therefore,

fk = k∆ f , k = 0, . . . , 64, N f = 65. (56)

The magnitude spectrum is logarithmically compressed as

Xm,q,ϕ( fk, τr) = log
(
ε +

∣∣T {sm,q,ϕ
}
(k, r)

∣∣), ε = 10−8. (57)

The logarithm is applied after the conversion of voltage and current signals to their cor-
responding per-unit bases. No sample-wise min–max scaling, z-score normalization,
envelope extraction, frequency interpolation, or image resizing is subsequently applied to
the learning inputs.

The complete tensor is constructed using the fixed channel order sensor–modality–
phase with sensors ordered as {S0, S3, S6, S9, S12}, modalities ordered as {v, i}, and phases
ordered as {a, b, c}:

X = stack
({

Xm,q,ϕ
}

m∈M, q∈{v,i}, ϕ∈{a,b,c}

)
∈ RCin×N f×Nτ , (58)

where
Cin = |M| × 2× 3 = 30. (59)

Thus, every learning-based configuration receives an input tensor of dimensions

X ∈ R30×65×59. (60)

The term raw signalrefers to the original per-unit time-domain voltage and current
channels before the STFT. High-frequency residuals and HF-envelope signals are used
only for transient visualization and onset interpretation in the results section; they are not
substituted for the STFT tensors supplied to the learning models.

The proposed Hybrid model uses the complete time–frequency tensor for fault-type
and feeder-area identification, while area-dependent channel selection is used for local
fault-position regression. The shared representation and the two classification outputs are

z = eθ(X),

p̂ = cθ(z) ∈ [0, 1]|ST |,

p̂A = gθ(z) ∈ [0, 1]A, (61)

where eθ is the shared encoder, cθ is the fault-type head, and gθ is the feeder-area head.
For each feeder area Aa, the fixed channel-selection operator Pa retains the corre-

sponding voltage and current channels:

Xa = Pa(X), a ∈ {1, . . . , A}. (62)
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The selected tensor is processed by the shared-weight encoder and the corresponding local
regression head:

ûa = ha,θ(eθ(Xa)) ∈ (0, 1), (63)

where ûa is the normalized in-area coordinate. Each local output is transformed into a
candidate global normalized location through the topology-dependent mapping

λ̂a = Φa(ûa), a ∈ {1, . . . , A}. (64)

The predicted feeder area is

â = arg max
a∈{1,...,A}

p̂Aa , (65)

and the final end-to-end location estimate is

λ̂ = λ̂â = Φâ(ûâ). (66)

During inference, no ground-truth area information or oracle correction is used. Conse-
quently, an incorrect area prediction directly selects an incorrect local regression head and
local-to-global mapping, and its effect is therefore included in the reported localization
error.

The explanation module computes separate attribution maps for the predicted fault
type and the final location output:

(Acls, Aloc) = E( fθ, X), (67)

enabling inspection of the sensor, phase, time, and frequency regions that contribute most
strongly to the fault-type and location decisions.

The complete end-to-end architecture is presented in Figure 4. The diagram distin-
guishes the shared time–frequency encoder, the fault-type and feeder-area classification
heads, the area-dependent sensor-selection operators, the six local regression heads, and
the local-to-global location mapping. The corresponding training and inference procedures
are formalized in Algorithm 3.

5.3. Physics-Informed Learning Strategy

The learning strategy combines (i) supervised multi-task objectives and (ii) physics-
consistency regularization derived from the underground cable model and discretized
dynamics. Physics-informed neural networks (PINNs) and related approaches motivate
augmenting purely data-driven objectives with governing-equation residuals [16–18,20],
while physics-informed fault diagnosis surveys emphasize model-based constraints to
improve generalization under distribution shift [29]. Here, the constraints are instantiated
using the discretized cable representation (Section 3.6) and the aging parameterization
(Section 3.7).

5.3.1. Multi-Task Supervised Objective

Let ycls ∈ ST denote the ground-truth fault type, yA ∈ {1, . . . , A} the ground-truth
feeder area, and yloc = λ f ∈ (0, 1) the ground-truth global normalized fault location. The
supervised objective jointly trains the fault-type head, the area-identification head, and the
area-specific localization heads:

Lsup(θ) = Lcls + γLarea + βLloc, (68)
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where γ > 0 and β > 0 weight the area-identification and localization terms, respectively.
The fault-type classification loss is

Lcls = − ∑
c∈ST

⊮[c = ycls] log p̂c, (69)

and the feeder-area classification loss is

Larea = −
A

∑
a=1

⊮[a = yA] log p̂Aa . (70)

During training, the ground-truth area activates the corresponding local regression
head. Its normalized in-area prediction is mapped to the global feeder coordinate as

λ̂yA = ΦyA
(
ûyA

)
, (71)

and the localization loss is
Lloc =

(
λ̂yA − yloc

)2
. (72)

Accordingly, each local regression head is updated only by training events belonging to
its associated feeder area. During inference, the ground-truth area is unavailable, and
the final location is obtained exclusively through the area predicted by (65); therefore,
area-identification errors are propagated to the reported end-to-end localization error.

Thus, each local regression head is trained only with events belonging to its corre-
sponding feeder area, while the area head is trained independently through (70). During
test-time inference, the ground-truth area is not used and routing is performed exclusively
through the predicted area in (65).

5.3.2. Physics-Consistency Regularization Through Propagation Residuals

To ensure that the physics loss contributes gradients to the trainable parameters,
the residual is defined explicitly as a function of the location predicted by the learning
model. For each training event, the transient arrival time τ̂m at sensor m is extracted from
the measured waveform using the onset-detection procedure in (47). Let x̂ f (θ) denote
the physical feeder position associated with the normalized model output λ̂(θ). The
propagation-consistency residual at sensor m is defined as

rm(θ; α) = τ̂m − t0 −
dm

(
x̂ f (θ)

)
v̂(α)

, m ∈ Mvalid, (73)

where t0 is the fault-inception time, dm(x̂ f ) is the path distance between the predicted fault
position and sensor m, v̂(α) is the aging-conditioned effective propagation velocity, and
Mvalid ⊆M contains the sensors for which a valid transient onset is detected.

The corresponding physics-consistency loss is

Lphy(θ) =
1

∑m∈Mvalid
wm

∑
m∈Mvalid

wm[rm(θ; α)]2, (74)

where wm > 0 is a sensor-reliability weight. Unlike a residual computed exclusively from
simulator states, (74) depends directly on the trainable location output. Its gradient is

∇θLphy = − 2
v̂(α)∑m∈Mvalid

wm
∑

m∈Mvalid

wmrm
∂dm(x)

∂x

∣∣∣∣
x=x̂ f

∇θx̂ f (θ). (75)
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Therefore, the physics term produces a nonzero training gradient whenever the propagation
residual and the sensitivity of the predicted location are nonzero. The path-distance
function is evaluated on the feeder branch associated with the predicted position and is
piecewise differentiable along each cable section.

During simulation-based training, t0 and α are obtained from the generated scenario,
whereas τ̂m is extracted from the recorded voltage or current transient. Internal simulator
state vectors are not used in (73). During online inference, the trained diagnostic model
requires only the measurement tensor X; the physics loss is not evaluated. For field imple-
mentation, t0 must be estimated from synchronized measured transients, and v̂(α) must
be obtained from a calibrated cable model or condition-dependent propagation estimate.
This output-dependent formulation follows the general physics-informed principle of
constraining trainable predictions through governing physical relations [16,18,20].

5.3.3. Complete Training Objective

The overall objective combines supervised and physics-informed terms:

min
θ
L(θ) = Lsup(θ) + λphy Lphy(θ) + λreg ∥θ∥2

2, (76)

where λphy ≥ 0 controls the strength of physics regularization and λreg ≥ 0 is a standard
weight decay term. This formulation follows the general physics-informed paradigm of
augmenting data losses with equation residuals [16,29].

5.4. Neural Network Architecture and Training Details

The learning-based configurations use a convolutional encoder composed of three
consecutive blocks. Each block contains a 3× 3 convolution, batch normalization, a ReLU
activation, and 2× 2 max pooling. The resulting feature maps are flattened and passed to a
shared fully connected layer with 256 neurons.

The full Cin = 30-channel tensor is used by two common classification heads. The
fault-type head contains |ST | = 11 softmax outputs, whereas the area-identification head
contains A = 6 softmax outputs.

For the Hybrid configuration, area-dependent localization is implemented using fixed
channel-selection operators Pa. Each operator retains the voltage and current channels
associated with the sensor subsetMa defined for each feeder area and masks the remaining
sensor channels:

Xa = Pa(X), a ∈ {1, . . . , A}. (77)

The selected tensor Xa is processed by the shared-weight convolutional encoder and the
corresponding area-specific regression head. Each local head uses a sigmoid output to
produce ûa ∈ (0, 1). The mappings Φa subsequently convert these local outputs into the
global normalized coordinate used for evaluation.

The evaluated learning configurations are distinguished as follows. The Baseline uses
the common fault-type and area heads together with one global location-regression head
and sets λphy = 0. The PINN retains the same global supervised heads and adds the
propagation-consistency loss. The proposed Hybrid retains the fault-type and area heads,
replaces the single global location head with six area-specific local heads, applies the sensor-
selection operators in (77), and includes the propagation-consistency loss. Consequently,
the architecture and routing differences among the evaluated configurations are stated
explicitly rather than being treated as identical output structures.

Figure 4 summarizes the complete Hybrid architecture, including the fault-type head,
area-identification head, area-dependent sensor selection, and local regression heads.
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Voltage and current
measurements
{vm(t), im(t)}m∈M

Time–frequency tensor
X = T {·}, Cin = 30

Shared CNN encoder
three convolutional blocks

and a 256-neuron dense layer

Area-dependent sensor selection
Xa = Pa(X)

Fault-type head
p̂ ∈ [0, 1]11

Area-identification head
p̂A ∈ [0, 1]6

â = arg maxa p̂Aa

Shared-weight CNN processing
and six local regression heads

ûa ∈ (0, 1)

Local-to-global
location mapping

λ̂a = Φa(ûa), λ̂ = λ̂â

Figure 4. Unified architecture of the proposed Hybrid model. The complete time–frequency tensor is
processed by the shared encoder for fault-type and feeder-area identification. In parallel, fixed area-
dependent channel selectors retain the sensor subsets associated with each feeder area. The selected
tensors are processed using shared-weight convolutional operations and six local regression heads.
During inference, the predicted area selects the corresponding local estimate, which is subsequently
transformed into the global normalized fault location.

The model is trained in MATLAB R2025b using the Adam optimizer with a learning
rate of 10−3, a batch size of 64, and early stopping based on validation loss with a patience of
15 epochs. Training is conducted for a maximum of 150 epochs. The physics-regularization
weight λphy is selected through a validation-grid search over {0, 10−4, 10−3, 10−2}. The
selected value is then kept fixed for all test-set evaluations to avoid test-set leakage.

5.5. Explainable AI Module

Explainability is integrated to provide transparent evidence for both fault type clas-
sification and location inference. Since the inputs are time–frequency tensors, explana-
tions should identify (i) the specific time intervals around wavefront arrivals and (ii) the
frequency bands that contribute most to decisions. Recent work demonstrates that ex-
plainable AI can guide and audit fault diagnostics, including unsupervised fault detection
contexts [21].

5.5.1. Attribution Targets

Let X ∈ RH×W×C denote the time–frequency tensor (height H frequency bins, width
W time bins, channels C corresponding to phases and measurement locations). We compute
explanations for

Classification score: scls(X) ≜ p̂y⋆ , (78)

Location output: sloc(X) ≜ λ̂, (79)

where y⋆ = arg maxc p̂c.
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5.5.2. Gradient-Based Explanations (Grad-CAM-Style)

For convolutional backbones, gradient-based class activation mapping produces spa-
tial attributions over feature maps. Let Fl ∈ RHl×Wl×Kl be the feature maps at layer l. The
Grad-CAM weights for score s(·) are

α
(l)
k =

1
HlWl

Hl

∑
i=1

Wl

∑
j=1

∂s(X)
∂Fl

ij,k
, (80)

and the corresponding attribution map is

A(l) = ReLU

(
Kl

∑
k=1

α
(l)
k Fl

:,:,k

)
, (81)

which is then upsampled to the input resolution to align with X. Computing A(l) for both
scls and sloc yields distinct explanations for classification and location tasks.

5.5.3. Feature-Importance Explanations (SHAP-Style)

Complementarily, SHAP-based explanations quantify the contributions of input fea-
tures to the output by comparing model outputs under feature perturbations. Let ϕq denote
the SHAP value for feature group q (e.g., a time–frequency patch or channel group). The
explanation is the vector ϕ = (ϕ1, . . . , ϕQ) satisfying an additive decomposition

s(X) ≈ ϕ0 +
Q

∑
q=1

ϕq, (82)

where ϕ0 is a baseline output and Q is the number of feature groups. In time–frequency
settings, grouping features into structured patches preserves physical interpretability (time
localization and frequency selectivity), enabling domain experts to validate that the model
relies on plausible wavefront signatures rather than noise artifacts.

5.5.4. Interpretation Protocol

For each predicted event, the explainability module outputs the following:

• A time–frequency attribution map Acls supporting the predicted fault type;
• A time–frequency attribution map Aloc supporting the predicted location estimate;
• Channel-wise importances indicating which measurement locations m ∈ M and

which phases contribute most.

These outputs provide a structured audit trail that can be compared against expected
traveling-wave behavior and known dispersion/distortion effects [5,10], supporting trust
and diagnosis in deployment [21].

5.5.5. Attribution-Validation Metrics for Model-Native Explanations

To avoid ambiguity between illustrative saliency overlays and model-native explana-
tions, the following diagnostics define a quantitative validation protocol for attribution

maps computed directly from the trained model outputs. Let An,q ∈ RN f×Nτ

+ denote a
non-negative model-native attribution map for sample n and task q ∈ {cls, loc}, where N f

is the number of frequency bins and Nτ is the number of time frames. The normalized
attribution mass is defined as

Ãn,q( fk, τr) =
An,q( fk, τr)

∑
N f
k=1 ∑Nτ

r=1 An,q( fk, τr) + ϵ
, (83)

where ϵ > 0 avoids numerical division by zero.
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The first diagnostic is the transient-attribution ratio, which measures whether attribu-
tion mass is concentrated around the known simulated fault-inception instant t f ,n:

TARn,q =

N f

∑
k=1

∑
τr∈W(t f ,n)

Ãn,q( fk, τr), (84)

where W(t f ,n) = {τr : |τr − t f ,n| ≤ ∆txai} is a short transient window centered at fault
inception. High values of TARn,q indicate that the explanation is concentrated around the
fault-initiated transient rather than over stationary background regions.

The second diagnostic is the high-frequency attribution ratio,

HFARn,q = ∑
fk∈BHF

Nτ

∑
r=1

Ãn,q( fk, τr), (85)

where BHF denotes the frequency band used for transient analysis. This metric evaluates
whether the explanation emphasizes the high-frequency content associated with traveling-
wave-like excitation.

The third diagnostic is attribution compactness. It is computed from the normalized
entropy of the attribution map,

Hn,q = − 1
log(N f Nτ)

N f

∑
k=1

Nτ

∑
r=1

Ãn,q( fk, τr) log
(

Ãn,q( fk, τr) + ϵ
)
, (86)

and reported as
Compn,q = 1− Hn,q. (87)

Higher compactness indicates that the explanation is localized in a smaller set of
time–frequency regions, which is expected for fault-initiated transient evidence.

The fourth diagnostic is attribution stability. If An,q and A′n,q denote attribution maps
obtained from the original sample and from a small admissible perturbation of the same
sample, respectively, their stability is measured by cosine similarity:

Stabn,q =

〈
vec(An,q), vec(A′n,q)

〉
∥∥vec(An,q)

∥∥
2

∥∥∥vec(A′n,q)
∥∥∥

2
+ ϵ

. (88)

Finally, occlusion-based faithfulness is evaluated for the classification task. Let scls(Xn)

be the predicted-class score for the original input, scls(X
top
n ) the score after occluding the

top-η most attributed time–frequency cells, and scls(Xrand
n ) the score after occluding the

same number of randomly selected cells. The attribution is considered faithful when

∆stop
n = scls(Xn)− scls(X

top
n ) (89)

is consistently larger than

∆srand
n = scls(Xn)− scls(X

rand
n ). (90)

This verifies that removing the most attributed regions has a stronger effect on the diagnostic
score than removing randomly selected regions of equal size. These metrics are meaningful
only when An,q is computed from the trained diagnostic model fθ and when the occluded
inputs are re-evaluated by the same model. Therefore, proxy or schematic attribution overlays
should not be used to report numerical faithfulness, stability, or concentration scores.
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Algorithm 3: Hybrid Physics-Regularized Area-Aware Fault Diagnosis

Input: Training set D = {(X(i), y(i)cls, y(i)A , y(i)loc, α(i), t(i)0 , τ̂(i))}N
i=1; area selectors {Pa}A

a=1;
local-to-global mappings {Φa}A

a=1; loss weights β, γ, λphy, and λreg.
Output: Trained parameters θ; fault type ŷcls; feeder area â; global normalized location λ̂;

and attribution maps Acls and Aloc.

Offline training;
Initialize the shared encoder eθ, the fault-type head cθ, the area head gθ, and the local

regression heads {ha,θ}A
a=1;

foreach mini-batch B ⊂ D do
foreach sample i ∈ B do

z(i) ← eθ

(
X(i));

p̂(i) ← cθ

(
z(i)
)
;

p̂(i)
A ← gθ

(
z(i)
)
;

for a = 1 to A do

X(i)
a ← Pa

(
X(i));

z(i)a ← eθ

(
X(i)

a
)
;

û(i)
a ← ha,θ

(
z(i)a
)
;

λ̂
(i)
a ← Φa

(
û(i)

a
)
;

L(i)cls ← − log p̂(i)
y(i)cls

;

L(i)area ← − log p̂(i)A
y(i)A

;

L(i)loc ←
(

λ̂
(i)
y(i)A
− y(i)loc

)2
;

Map λ̂
(i)
y(i)A

to the corresponding physical feeder position x̂(i)f ;

r(i)m ← τ̂
(i)
m − t(i)0 −

dm
(

x̂(i)f
)

v̂
(
α(i)
) , m ∈ M(i)

valid;

L(i)phy ←

∑
m∈M(i)

valid

wm
(
r(i)m
)2

∑
m∈M(i)

valid

wm
;

L(i) ← L(i)cls + γL(i)area + βL(i)loc + λphyL
(i)
phy + λreg∥θ∥2

2;

Update θ by minimizing |B|−1 ∑i∈B L(i);

Online inference;
Construct X from synchronized voltage and current measurements;
z← eθ(X);
p̂← cθ(z);
p̂A ← gθ(z);
ŷcls ← arg max

c
p̂c;

â← arg max
a

p̂Aa ;

Xâ ← Pâ(X);
ûâ ← hâ,θ

(
eθ

(
Xâ
))

;
λ̂← Φâ

(
ûâ
)
;

Use the predicted area â directly, without oracle routing;
Compute model-derived attribution maps Acls and Aloc for p̂ŷcls

and λ̂, respectively;
return ŷcls, â, λ̂, Acls, Aloc.

6. Algorithm Description
This section provides a rigorous end-to-end description of the proposed hybrid physics-

informed and explainable fault diagnosis algorithm. The procedure operates on multi-location
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three-phase measurements, extracts transient-localized time–frequency representations, trains
a multi-task model under explicit physics-consistency regularization informed by the aged
underground cable model, and produces both predictions and explanatory attribution maps.

7. Case Study: Large-Scale Aging-Aware Underground
Distribution Feeder

This section defines a large-scale aging-aware underground distribution feeder case
study used to evaluate the proposed hybrid physics-regularized and explainable framework
under network branching, traveling-wave-like transient propagation, and aging-driven
parameter drift of underground cables. The case study is synthetic but explicitly specified
in terms of topology, area partitioning, sensor placement, sampling ranges, dataset size, and
split protocol. Therefore, the results should be interpreted as simulation-based validation
rather than field-data validation.

7.1. Study System Topology and Area Partitioning

The feeder is represented as a connected graph G = (N , E), whereN denotes electrical
nodes, including junctions and terminations, and E denotes underground cable sections.
Each cable section e ∈ E has length ℓe and per-unit-length parameter matrices Re(α),
Le(α), Ce(α), and Ge(α) computed from the normalized aging-stress index α ∈ [0, 1] using
the aging parameterization in Section 3.7. Each section is discretized into Nπ,e cascaded
π-sections according to the underground cable model in Section 3.6.

The feeder is partitioned into A = 6 non-overlapping areas to create a coarse-to-fine
localization structure aligned with the sensing geometry and branching layout. The number
of areas is selected so that each partition contains a physically contiguous feeder region
with distinguishable multi-sensor transient observability while avoiding excessively small
areas that would produce unstable labels near junctions. Boundaries are placed at or near
electrically meaningful points, such as sensor locations, feeder junctions, or changes in
branching structure. Thus, each area groups cable sections with similar dominant propa-
gation paths to the available sensors. This partitioning supports area-balanced sampling,
reduces ambiguity in the global regression task, and enables local in-area localization after
the coarse area has been identified.

Figure 5 shows the case-study layout. The colored regions indicate mutually ex-
clusive and collectively exhaustive areas, while black-filled nodes denote synchronized
voltage/current sensors.

Substation
S0

S3 S6 S9 End
S12

A1 A2 A3 A4 A5 A6

Underground cable section Synchronized sensor (voltage/current) Junction / bus

Figure 5. The large-scale underground feeder is partitioned into A = 6 mutually exclusive and
collectively exhaustive areas to enable area-wise coarse-to-fine fault localization in a branched
network. Each lateral is assigned uniquely to the area of its root junction to avoid ambiguity in
area labeling.

The five monitoring locations represent synchronized transient voltage/current
recorders installed at electrically meaningful points, such as the substation, switching
nodes, or feeder junctions. They should not be interpreted as sensors installed at ev-
ery cable section. This placement defines a multi-ended observability configuration for
evaluating the proposed method under branching and area-dependent sensing. Practical de-
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ployments may use fewer devices or different locations depending on cost, communication
infrastructure, and available switchgear; such changes would require a sensor-placement
sensitivity study.

The assumed measurements correspond to transient-capable voltage and current
channels with sufficient analog bandwidth to preserve the frequency range used by the
time–frequency representation. In a field implementation, the effective signal available to
the algorithm would be shaped by CT/VT or low-power sensor transfer functions, anti-
aliasing filters, cabling, recorder resolution, synchronization error, and possible saturation.
These effects are summarized by the measurement-chain model in Section 7.5. Therefore,
the simulated sensor configuration should be interpreted as an ideal synchronized reference
configuration rather than as a complete specification of field instrumentation.

For the reported simulations, the sampling frequency is fixed at fs = 200 kHz, corre-
sponding to the sampling interval

∆ts =
1
fs

= 5 µs. (91)

This sampling rate provides a Nyquist frequency of

fNyq =
fs

2
= 100 kHz, (92)

which exceeds the upper frequency of 50 kHz retained in the time–frequency representation
defined in Section 5.2. Thus, the complete frequency band supplied to the learning models
is represented without aliasing under the assumed ideal anti-aliasing condition.

The numerical results reported in this paper correspond exclusively to fs = 200 kHz. A
lower sampling rate would modify both the temporal resolution and the available spectral
bandwidth. In particular, sampling rates of 10, 20, and 50 kHz would limit the Nyquist
frequencies to 5, 10, and 25 kHz, respectively, thereby removing part of the 0–50 kHz band
used by the present model. Consequently, direct decimation of the recorded signals would
not preserve the input representation on which the reported networks were trained.

Evaluation at lower sampling rates would require an anti-aliasing filter, recomputation
of the STFT parameters and retained frequency bins, and retraining of all learning-based
configurations with matched lower-rate data. Such a sampling-rate sensitivity experiment
is not included in the present evaluation. Therefore, the reported performance should
not be extrapolated to recorders operating at 10–50 kHz. Although the Hybrid model
uses the complete multi-sensor time–frequency tensor rather than a single arrival-time
estimate, its localization performance remains dependent on the temporal resolution,
measurement bandwidth, synchronization accuracy, and spectral content preserved by the
acquisition system.

Topology Summary

Table 3 summarizes the case-study structure and sensing layout used for simulation
and evaluation. The case study is formulated as a normalized simulation benchmark
rather than as a utility-specific feeder model; therefore, voltages, currents, and loads are
interpreted in per-unit quantities, while the cable behavior is governed by the nominal
matrices and the aging-dependent perturbations defined in Section 3.7.

7.2. Area-Wise Localization Formulation

Let X denote the time–frequency tensor constructed from the synchronized voltage
and current measurements. The proposed localization strategy follows a coarse-to-fine
structure, as illustrated in Figure 6. This formulation is particularly useful in branched
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feeders, where reflections from lateral junctions and terminations can produce ambiguous
traveling-wave arrivals.

Table 3. Case-study topology and simulation configuration.

Item Value/Description

Network type Synthetic branched underground distribution feeder
Electrical representation Cascaded π-section underground-cable model
Numerical tool MATLAB 2025b transient simulation
Number of trunk nodes 13, from n0 to n12

Number of laterals 6, including one double-lateral junction at n6

Feeder partitions A = 6 non-overlapping areas
Synchronized sensorsM {S0, S3, S6, S9, S12}
Sensing configuration Multi-ended, area-dependent transient monitoring
Signal channels Three-phase voltages and currents at each sensor
Sampling rate fs = 200 kHz
Transient window Tw = 20 ms
Operating-point variability Load scaling γL ∈ [0.80, 1.20]
Cable parameters Nominal R0, L0, C0, G0 perturbed by α as in Section 3.7

It is noted that areas A2 and A5 include three sensors due to their proximity to branch-
ing points, which increases waveform distortion and reflection complexity. The additional
sensor is therefore used to improve observability in topologically complex regions. In
contrast, two-sensor configurations are sufficient for linearly connected areas with re-
duced reflection ambiguity. The first area (A1) represents a boundary region where only
downstream wave propagation is observable. This limitation is consistent with practical
deployment scenarios and is intentionally preserved to evaluate model robustness under
reduced observability conditions. Intermediate areas such as A3 may experience increased
wavefront distortion due to reflections from adjacent branching regions. The overlap-
ping sensor configuration is designed to mitigate this effect by capturing bidirectional
transient information.

Multi-sensor measurements
{vm(t), im(t)}m∈M

M = {S0, S3, S6, S9, S12}
Time–frequency tensor

X = T {·}

Stage 1:
Area identification

p̂A = softmax(gθ(X))
â = argmaxa p̂Aa

Area-dependent sensor subset
Mâ ⊆ M

selected from Table

Stage 2:
In-area localization

x̂â ∈ [0, ℓâ]
x̂f = Φâ(x̂â)

Coarse output
area label â

Fine output
global fault location x̂f

Figure 6. Coarse-to-fine area-wise localization strategy. The model first identifies the most probable
feeder area and then estimates the in-area coordinate using the corresponding area-dependent
sensor subset.

Stage 1: Area identification.
The complete multi-sensor time–frequency tensor is processed by the shared encoder

and the area-identification head to obtain

p̂A = softmax(gθ(eθ(X))) ∈ [0, 1]A,
A

∑
a=1

p̂Aa = 1.
(93)

The predicted feeder area is
â = arg max

a∈{1,...,A}
p̂Aa . (94)

Stage 2: Area-dependent sensor selection and local regression.
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For each feeder area Aa, the fixed channel-selection operator Pa retains the voltage
and current channels associated with the sensor subsetMa:

Xa = Pa(X), a ∈ {1, . . . , A}. (95)

The selected tensor is processed by the shared-weight encoder and the corresponding local
regression head:

ûa = ha,θ(eθ(Xa)) ∈ (0, 1). (96)

The normalized output ûa defines the physical in-area coordinate

x̂a = ℓa ûa, x̂a ∈ (0, ℓa), (97)

where ℓa is the ordered arc length assigned to area Aa. The corresponding candidate global
normalized location is

λ̂a = Φa(ûa), Φa : [0, 1]→ [0, 1], (98)

where Φa incorporates the area boundary, cable-section ordering, and cumulative feeder
arc length used to define the global location label.

During training, the ground-truth area activates the corresponding local regression
head. During inference, the ground-truth area is unavailable and the final location is
obtained exclusively from the predicted route:

λ̂ = λ̂â = Φâ(ûâ). (99)

No oracle correction is applied when the predicted area is incorrect. Therefore, an area-
identification error selects an incorrect local regression head and local-to-global mapping,
and its effect is included directly in the reported end-to-end localization error.
Sensor subsets per area.

Define Ma ⊆ M as the sensor subset used for area Aa. The area-wise sensing
geometry is summarized in Table 4.

Table 4. Sensor subsets used for each area in the area-wise localization strategy.

Area Sensor Subset Ma

A1 {S0, S3}
A2 {S0, S3, S6}
A3 {S3, S6}
A4 {S6, S9}
A5 {S6, S9, S12}
A6 {S9, S12}

7.3. Simulation Scenarios and Dataset Protocol

Each simulated event is defined by the scenario vector

θ =
(
T , e f , x f , R f , t f , α, γL, SNRdB

)
, (100)

where T ∈ ST is the fault type, e f ∈ E is the cable section where the fault is applied,
x f ∈ (0, ℓe f ) is the local fault coordinate along that section, R f > 0 is the fault resistance,
t f is the fault inception time, α ∈ [0, 1] is the normalized aging-stress index, γL is the load
scaling factor, and SNRdB sets the measurement-noise level.
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7.3.1. Area-Balanced Scenario Sampling

To avoid bias toward any feeder area and to obtain statistically balanced coverage,
sampling is performed in a stratified manner:

a ∼ U{1, . . . , A}, (101)

e f ∼ U
(
E(Aa)

)
, (102)

x f ∼ U
(
ϵ, ℓe f − ϵ

)
, (103)

where E(Aa) denotes the set of cable sections belonging to area Aa, and ϵ > 0 prevents
degenerate placements exactly at junctions or terminations.

7.3.2. Fault Resistance, Aging, Operating Point, and Noise

Fault resistance is sampled as

R f ∼ U (Rmin, Rmax), (104)

with (Rmin, Rmax) given in Table 5. Aging is sampled as α ∼ U (0, 1), and the cable pa-
rameters are updated using the aging mapping in Section 3.7. Operating conditions
are varied using γL ∼ U (γL,min, γL,max). Measurement noise is injected to achieve
SNRdB ∼ U (SNRmin, SNRmax) using the SNR definition in (36).

Table 5. Simulation scenario parameter ranges used for dataset generation.

Parameter Minimum Maximum Unit

Fault resistance R f 0.1 50 Ω
Fault location in section x f /ℓe f 0.05 0.95 –
Normalized aging-stress index α 0 1 –
Load scaling γL 0.80 1.20 –
SNR 20 40 dB

7.3.3. Scenario Ranges

The scenario ranges used in the case study are listed in Table 5. These values define
the controlled simulation domain explored in the experiments. The fault-resistance interval
includes low-resistance faults with strong transient excitation and higher-resistance faults
with weaker signatures. The fault-location interval excludes placements exactly at section
boundaries, junctions, and terminations to avoid degenerate labels and ambiguous bound-
ary reflections. The SNR interval represents moderate-to-noisy measurement conditions for
robustness assessment under additive channel noise. The load-scaling interval introduces
prefault operating variability without changing the feeder topology. Finally, the normalized
aging-stress interval α ∈ [0, 1] provides balanced coverage from nominal to maximally
perturbed simulated cable parameters without implying that the endpoints correspond to
a calibrated field lifetime.

7.3.4. Dataset Size, Stratification, and Splits

A large dataset is constructed to support evaluation across feeder areas, fault types,
normalized aging-stress levels, fault resistances, operating points, and noise levels. Let Ntot

denote the total number of simulated events and NA the number of events per area:

NA =
Ntot

A
. (105)
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In this case study, Ntot = 36,000 fault events are generated and stratified uniformly across
A = 6 areas, yielding NA = 6000 events per area. Within each area, scenarios are further
stratified across the fault types in ST and across backbone and lateral placements using a
50%/50% allocation so that lateral events are not underrepresented.

The event records are assigned once to mutually disjoint training, validation, and
test subsets:

D = Dtr ∪Dval ∪Dte,

Dtr ∩Dval = Dtr ∩Dte = Dval ∩Dte = ∅,

|Dtr| : |Dval| : |Dte| = 70 : 10 : 20.

(106)

This record-level partition prevents the same simulated event from appearing in more than
one subset. Stratification is applied jointly by feeder area and fault type so that the class
and area proportions remain comparable across the three subsets.

All subsets are nevertheless generated using the same simulator, feeder topology,
cable-parameter formulation, and numerical ranges for α, R f , γL, SNR, and fault location.
No tolerance-based grouping was applied to force neighboring points in the continuous sce-
nario space into the same subset. Therefore, although exact event duplication across subsets
is excluded, scenarios with similar continuous parameters may occur in different subsets.

Accordingly, the reported test results quantify interpolation performance on unseen
event records drawn from the same controlled simulation domain. They do not constitute a
grouped-scenario, out-of-range, independent-simulator, or field-domain generalization test.
A stricter extrapolation assessment would require constructing groups from neighborhoods
of the scenario vector

ϑ =
(

a, T , e f , x f , R f , α, γL, SNR
)

(107)

and assigning complete groups, parameter intervals, feeder sections, or simulator domains
exclusively to the test set before model training. Such a grouped or out-of-domain eval-
uation is not reported in this paper and remains necessary before making claims about
performance beyond the specified simulation domain.

The resulting dataset composition is summarized in Table 6.

Table 6. Dataset composition and interpretation of the large-case-study split.

Subset Samples Stratification Role and Domain

Training Dtr 25,200 Uniform by area and fault type

Model fitting using the
complete prescribed ranges of
aging, fault resistance, loading,
noise, and fault location.

Validation Dval 3600 Uniform by area and fault type
Hyperparameter selection and
training monitoring within the
same simulation domain.

Test Dte 7200 Uniform by area and fault type

Held-out event-level evaluation
within the same simulator and
parameter ranges; not a
grouped or out-of-domain test.

7.4. Simulation Workflow and Recorded Outputs

For each scenario θ, the aged cable parameters are computed, the feeder is discretized
into cascaded π-sections, and a time-domain transient simulation is executed with a fault
applied at t f . The simulator records three-phase voltages and currents at each synchronized
sensor m ∈ M:

{vm(t), im(t)}m∈M, t ∈ Tw, (108)
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where Tw = [tstart, tstart + Tw] is the transient window containing the fault inception and
subsequent wave reflections. In the case study, Tw = 20 ms and the sampling rate is
fs = 200 kHz, yielding Nw = Tw fs = 4000 samples per recorded channel. The fault
inception time t f is placed inside the window so that each record contains a pre-fault
portion for baseline and noise-floor estimation, which is followed by a post-inception
portion that captures the initial broadband transient, early reflections from branches and
terminations, and the beginning of the fault-driven waveform evolution. Therefore, the
window length is selected to support transient-onset processing and time–frequency feature
extraction—not to represent a steady-state post-fault interval.

Each sample is stored with the labels(
ycls, yloc, yA

)
=
(
T , λ f , a

)
, (109)

where ycls is the fault-type label, yloc = λ f is the global normalized location, and yA = a
is the feeder-area label. Time–frequency tensors X are constructed from the recorded
signals and passed to the hybrid physics-regularized model and the explainability module
described in Section 5.

All transient simulations were implemented in MATLAB 2025b using the cascaded π-
section representation described in Section 3.6. The preserved methodological specification
includes the feeder topology, sensing locations, scenario ranges in Table 5, the 20 ms record
length, the 200 kHz sampling rate, the time–frequency parameters defined in Section 5.2,
the dataset partition, and the training protocol.

The archived simulation record does not retain the numerical entries of the nominal
matrices R0, L0, C0, and G0, the realized values of κR, κL, κC, and κG, the section-specific
values of Nπ,e, the nominal nodal load vector, the numerical random seed, or the final
validation-selected values of λphy and λreg. Consequently, the available specification
supports the interpretation and internal comparison of the reported configurations but
does not guarantee exact numerical regeneration of the original transient dataset or trained
models. Reproduction on an independently implemented benchmark requires assigning
and reporting these quantities explicitly before scenario generation and model training.

The complete scenario generation and evaluation pipeline is illustrated in Figure 7. The
diagram summarizes the interaction between stratified sampling, aging-aware parameteriza-
tion, transient simulation, dataset labeling, and physics-regularized explainable inference.

Stratified sampling
Select area a, select section ef

Draw (xf , Rf ),
draw α, γL, SNR

Aging-aware modeling
Compute

(R(α),L(α),C(α),G(α))
Discretize into π-sections

Transient simulation
Apply fault at tf

Record {vm(t), im(t)}m∈M

Time–frequency tensor
X = T {·}

Store labels (T , λf , a)

Hybrid inference and XAI
Area â, location λ̂, type ŷcls

Attributions Acls,Aloc

Figure 7. Large-case study workflow for aging-aware scenario generation, transient simulation,
dataset labeling, and hybrid physics-regularized explainable inference.

7.5. Scope, Deployment Assumptions, and Domain-Shift Boundary

The case study is a controlled simulation-based validation study. It does not use field
records, laboratory cable-fault measurements, or waveforms generated by an independent
electromagnetic-transient simulation environment. Consequently, the numerical results
reported in Section 8 should be interpreted as evidence of internal consistency, comparative
behavior, and robustness within the explicitly defined simulation domain rather than as
direct evidence of field deployment readiness.

This distinction is important because practical underground-cable fault diagnosis is af-
fected not only by cable propagation physics but also by measurement-chain effects, sensor
bandwidth, synchronization errors, transducer saturation, anti-aliasing filters, recorder res-
olution, and uncertainty in the actual cable parameters. To make this validation boundary
explicit, let sm(t) denote an ideal simulated voltage or current channel at sensor location m,
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and let s̃m(t) denote the corresponding measured channel available to a practical diagnostic
system. A generic measurement-chain representation can be written as

s̃m(t) =
(
hm ∗ sm

)
(t− τm) + dm(t) + nm(t), (110)

where hm(t) represents the bandwidth-limited impulse response of the sensor, transducer,
cabling, anti-aliasing filter, and recorder; τm is the effective timing or synchronization
error; dm(t) represents slow drift, offset, clipping, or saturation effects; nm(t) is additive
measurement noise; and ∗ denotes convolution. In the baseline simulation study reported
in this paper, the measurement chain is idealized as hm(t) = δ(t), τm = 0, and dm(t) = 0,
while nm(t) is scaled according to the prescribed SNR range. Therefore, the present results
isolate the effects of fault type, fault location, feeder topology, fault resistance, load vari-
ability, measurement noise, and aging-induced cable-parameter drift, but they do not fully
reproduce all imperfections of a field measurement system.

The same consideration applies to cable aging. The variable α ∈ [0, 1] is used as a
normalized aging-stress index that induces controlled parameter drift in the per-unit-length
matrices R(α), L(α), C(α), and G(α). It is not claimed to be a directly measured lifetime
indicator or a field-calibrated health index. Thus, the aging model is suitable for robustness
assessment under structured parameter drift, but additional calibration would be required
before assigning a specific value of α to a real cable asset.

Table 7 summarizes the main validation assumptions and the corresponding require-
ments for transition toward practical deployment.

Table 7. Validation scope and practical deployment assumptions of this paper.

Aspect Assumption in This Study Requirement Before Field Deployment

Data source Controlled simulation using the cascaded π-section
underground-cable model.

Validation with independent
electromagnetic-transient simulations and, where
available, laboratory or field transient records.

Measurement chain Ideal synchronized voltage/current channels with
additive noise set by the prescribed SNR range.

Sensitivity analysis including sensor bandwidth,
timing skew, filtering, saturation, recorder
resolution, and channel-dependent transfer
functions.

Cable aging Normalized aging-stress index α ∈ [0, 1] used to
induce monotonic drift in cable parameters.

Calibration of α or replacement by measured
condition indicators, such as thermal history,
dielectric loss, partial-discharge indicators, or
asset-specific diagnostic data.

Cable parameters Nominal matrices perturbed according to the aging
parameterization.

Assessment under uncertain nominal parameters,
spatially heterogeneous cable sections, and
frequency-dependent dielectric behavior.

Performance claims Comparative simulation-based performance under
identical sampled scenarios for all methods.

Cross-domain validation to quantify degradation
when the training and testing domains differ in
simulator, sensor model, topology, operating
conditions, or aging mechanism.

Accordingly, the objective of the present case study is to evaluate whether the pro-
posed physics-regularized hybrid model provides a consistent advantage over the selected
baselines under controlled, aging-aware, and topology-aware scenarios. The study is not
intended to replace independent electromagnetic-transient validation or experimental ver-
ification. Instead, it establishes a reproducible simulation benchmark and identifies the
additional validation layers required for deployment-oriented assessment.
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8. Results and Discussion
This section evaluates the proposed framework using the stratified simulation dataset

described in Section 4 and the large-scale underground feeder case study defined in
Section 7. The analysis is organized around five objectives: (i) verifying that the sim-
ulated voltage and current signals contain physically meaningful transient signatures;
(ii) illustrating whether the attribution module is aligned with physically meaningful
transient time–frequency regions; (iii) quantifying multi-task performance in fault-type
classification, feeder-area identification, and continuous fault localization; (iv) evaluat-
ing robustness under measurement noise, aging-induced parameter drift, fault-resistance
variation, and feeder-topology effects; and (v) assessing confidence reliability and statisti-
cal uncertainty.

All quantitative results are obtained from simulation-based data and must be inter-
preted under the validation boundary defined in Section 7.5. The purpose of the evaluation
is to compare diagnostic models under identical controlled scenarios—not to claim direct
field deployment readiness. The compared methods follow the hierarchy defined in Table 2:
TW-TOAprovides a classical traveling-wave reference, Baseline isolates purely supervised
time–frequency learning, PINN isolates the effect of physics-consistency regularization,
and Hybrid evaluates the complete proposed formulation. Since all methods are evaluated
on the same held-out scenarios, the reported metrics quantify relative performance within
the specified synthetic domain. Cross-domain performance under independent simulators,
non-ideal measurement chains, and field-calibrated aging conditions remains an important
validation step.

8.1. Evaluation Protocol and Metrics

All quantitative metrics are computed on a held-out test set stratified by feeder area
and fault type. Three prediction tasks are evaluated: fault-type classification over 11 classes,
area identification over 6 feeder partitions, and continuous fault localization expressed by
the normalized per-unit distance λ ∈ [0, 1].

For fault-type classification and area identification, accuracy is defined as

Acc =
1
N

N

∑
n=1

⊮{ŷn = yn}, (111)

where yn and ŷn are the true and predicted labels, respectively, and ⊮{·} denotes the
indicator function.

In addition to accuracy, the class-level precision, recall, and F1-score are computed
for the fault-type classification task. For class c ∈ ST , let TPc, FPc, and FNc denote the
true-positive, false-positive, and false-negative counts. The corresponding metrics are

Precisionc =
TPc

TPc + FPc + ϵ
, (112)

Recallc =
TPc

TPc + FNc + ϵ
, (113)

F1c =
2 Precisionc Recallc

Precisionc + Recallc + ϵ
, (114)

where ϵ > 0 prevents division by zero. The macro-averaged F1-score is defined as

F1macro =
1
|ST | ∑

c∈ST
F1c. (115)
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These metrics complement aggregate accuracy by verifying whether the classifier maintains
balanced behavior across the eleven fault categories.

For fault localization, the mean absolute error is defined as

MAE =
1
N

N

∑
n=1

∣∣λ̂n − λn
∣∣, (116)

where λn and λ̂n are the true and estimated normalized fault locations, respectively. In
addition, the 95th percentile of |λ̂− λ| is reported to characterize tail error, which is relevant
for protection and restoration decisions.

Confidence quality is evaluated through reliability-style calibration curves and ex-
pected calibration error (ECE), while selective prediction curves quantify how classification
risk and localization error change when low-confidence samples are rejected.
Binning rules and sample support.

All binned analyses are performed on the fixed test set of N = 7200 events without
resampling, post hoc balancing, or replacement. Each event is assigned to exactly one
interval for each analyzed variable, and the metric associated with a bin is calculated using
all events contained in that interval.

For classification calibration, the Baseline, PINN, and Hybrid confidence scores are
partitioned into Bcal = 10 equal-width intervals over [0, 1]:

Ical
b =

{
n : cn ∈

[
b− 1

10
,

b
10

)}
, b = 1, . . . , 9, (117)

and
Ical

10 = {n : cn ∈ [0.9, 1]}. (118)

The sample count of bin b is

Ncal
b =

∣∣∣Ical
b

∣∣∣, 10

∑
b=1

Ncal
b = 7200. (119)

All ten confidence intervals contain test events. Empirical accuracy, mean confidence, and
the ECE contribution are computed from the corresponding Ncal

b samples. The deterministic
TW-TOA method is excluded from this probabilistic binning because it does not produce
native class probabilities.

The one-dimensional robustness analyses use five intervals for each continuous stress
variable. The SNR intervals are

[20, 24), [24, 28), [28, 32), [32, 36), [36, 40] dB, (120)

and the normalized aging-stress intervals are

[0, 0.2), [0.2, 0.4), [0.4, 0.6), [0.6, 0.8), [0.8, 1]. (121)

Fault resistance is grouped uniformly in logarithmic space. Defining

r f = log10(R f ), r f ∈ [−1, log10(50)], (122)

the six bin edges are

rj = −1 +
j
5
[
log10(50) + 1

]
, j = 0, . . . , 5. (123)
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Thus, fault-resistance bin j contains the events satisfying

r f ∈ [rj−1, rj), j = 1, . . . , 4, (124)

whereas the fifth interval includes its upper boundary.
For a generic robustness variable z, the number of samples assigned to interval b is

N(z)
b =

∣∣∣{n : zn ∈ I (z)b

}∣∣∣, 5

∑
b=1

N(z)
b = 7200. (125)

Fault-type accuracy, area-identification accuracy, and localization MAE are calculated
independently within each bin while marginalizing over all remaining scenario variables.

The two-dimensional sensitivity maps use the Cartesian products of the same five
aging intervals with the five SNR or logarithmic fault-resistance intervals. Therefore, each
map contains 5× 5 = 25 cells. The exact number of test events in each cell is displayed
inside the corresponding cell of the two-dimensional sensitivity maps, and the displayed
counts sum to 7200 for each two-dimensional partition.

Table 8 summarizes the evaluation protocol used in the Results section. The numerical
scenario ranges are not repeated here; they are defined in Table 5 to avoid duplicating the
case-study specification.

Table 8. Evaluation protocol used for the reported test-set analysis.

Item Value/Description

Test-set size N = 7200 held-out simulated events
Stratification By feeder area and fault type
Evaluated configurations TW-TOA, Baseline, PINN, and Hybrid
Discrete tasks Fault-type classification and feeder-area identification
Continuous task Normalized fault-location estimation λ ∈ [0, 1]
Classification metrics Accuracy, precision, recall, and F1-score
Localization metrics MAE, P95, empirical coverage, and bootstrap uncertainty

Robustness variables SNR, normalized aging-stress index α, fault resistance R f ,
and topology subset

Interpretability output Time–frequency attribution illustration and model-native
attribution-validation protocol

The area labels are defined by the mutually exclusive feeder partition and sensor
layout shown in Figure 5. For the Baseline, PINN, and Hybrid configurations, the predicted
area is obtained from the corresponding area-probability vector:

ân = arg max
a∈{1,...,A}

p̂(n)Aa
. (126)

For TW-TOA, no separate area classifier is used; the predicted label is âTOA,n, which
is obtained jointly with the continuous location estimate from (48). Area-identification
accuracy is then calculated for every method using (111) with yn = an and ŷn = ân.

The area partition follows the same deterministic assignment rule used during dataset
generation, so every feeder section and ordered arc-length coordinate belongs to exactly
one area. Faults are sampled away from junctions, terminations, and area boundaries;
consequently, the ground-truth area labels are unambiguous. Any numerical estimate
falling exactly on a shared boundary is assigned using the same fixed boundary convention
used to construct the dataset labels.
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To verify that the reported metrics are not dominated by sampling imbalance, Figure 8
summarizes the generated dataset marginals, including fault resistance, normalized aging-
stress index, SNR, fault location, area distribution, and trunk/lateral topology.

Figure 8. Dataset statistics for all generated samples: distributions of R f , normalized aging-stress
index α, SNR, fault location λ, area balance, and trunk/lateral topology split. These distributions
verify broad coverage over the scenario variables and reduce the risk of biased aggregate metrics.

8.2. Signal-Level Validation and Interpretability of Synthetic Fault Signatures

A necessary condition for scientifically meaningful simulation-based evaluation is
that the generated signals exhibit structured and physically consistent transient behavior.
In underground cables, fault events produce fast electromagnetic disturbances whose
informative content is concentrated in the high-frequency (HF) range. Therefore, the
analysis focuses on HF-envelope representations and time–frequency maps to validate that
the simulated data preserve traveling-wave-like characteristics relevant for fault diagnosis
and localization.

8.2.1. Voltage HF-Envelope Across Fault Types

Figure 9 presents the HF-envelope of three-phase voltages measured at a fixed syn-
chronized sensor for all 11 fault types under a representative operating scenario. Each row
corresponds to a distinct fault class, enabling a direct comparison of transient amplitude and
phase involvement. The figure shows that faults involving specific phases systematically
produce stronger HF activity in those phases, indicating that the envelope representation
preserves the discriminative information required for multi-class classification.
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Example voltages across all fault types (sensor S0)
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Figure 9. HF-envelope voltage waveforms across all fault types for a representative scenario at a fixed
sensor. The row-wise layout highlights phase-dependent transient energy around fault inception,
which is consistent with traveling-wave-based interpretation.

8.2.2. Current HF-Envelope Across Fault Types

Figure 10 shows the corresponding HF-envelope representation for current signals.
Compared to voltages, currents exhibit sharper discontinuities and stronger sensitivity to
ground-return paths, which is particularly evident in ground-involved faults. This comple-
mentary behavior supports the use of multi-channel voltage and current measurements to
enhance both classification and localization performance.
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Example currents across all fault types (sensor S0)
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Figure 10. HF-envelope current waveforms across all fault types for the same scenario as Figure 9.
Current signals provide complementary transient information that enhances discrimination among
fault categories and supports localization.

8.2.3. Raw Signals Versus HF-Envelope

Although HF-envelope representations improve interpretability, the model ultimately
operates on realistic time-domain signals or derived features. Figure 11 compares raw
three-phase voltages and currents with their corresponding HF-envelope views. The raw
signals exhibit relatively subtle disturbances under moderate SNR, whereas the enve-
lope representation clearly highlights the transient onset and phase involvement. This
comparison justifies the use of HF-enhanced representations for both visualization and
feature extraction.
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Example	scenario:	raw	waveforms	and	HF-envelope	zoom	(DLG-ABG)
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Figure 11. Comparison between raw three-phase signals and HF-envelope representations for an
illustrative fault scenario. The envelope emphasizes transient energy and improves the visibility
of fault inception and phase involvement. The dashed vertical line indicates the simulator-defined
fault-inception instant.

8.2.4. Time–Frequency Evidence of Transient Behavior

To further validate the physical consistency of the simulated signals, Figure 12 presents
time–frequency maps computed from a high-frequency residual of the measured voltage
at sensor S0. The dashed vertical line indicates the known fault inception instant used by
the simulator to generate the scenario; it is shown only as a visual reference and is not
provided to the learning model as an input. In practical records, this instant would need to
be estimated from the measured transient onset—for example, using the TW-TOA detector
defined in Section 5.1. Across all fault types, the onset is characterized by a localized
broadband energy burst spanning several kilohertz, which is followed by a decay pattern
that varies with frequency.

This behavior is consistent with dispersive and lossy propagation in underground
cables, where higher-frequency components attenuate more rapidly. Importantly, the
energy is temporally localized rather than stationary, confirming that the signals reflect
transient events rather than steady-state spectral artifacts.

Differences among fault categories are also observable. Ground-involved faults, such
as SLG and DLG, exhibit stronger broadband responses due to zero-sequence excitation
and ground-return currents, whereas line-to-line and three-phase faults produce more
symmetric spectral patterns. The LLLG condition combines strong broadband excitation
with ground coupling. These observations confirm that the simulated dataset preserves
physically meaningful transient signatures required for reliable learning and inference.

https://doi.org/10.3390/en19153567

https://doi.org/10.3390/en19153567


Energies 2026, 19, 3567 40 of 64

SLG-A

F
re
q
u
en
cy

(k
H
z)

0

10

20

30

40

50
SLG-B SLG-C LL-AB

LL-BC

F
re
q
u
en
cy

(k
H
z)

0

10

20

30

40

50
LL-CA DLG-ABG DLG-BCG

DLG-CAG

Time (s)

0.005 0.01 0.015

F
re
q
u
en
cy

(k
H
z)

0

10

20

30

40

50
LLL

Time (s)

0.005 0.01 0.015

LLLG

Time (s)

0.01

-10

-5

0

5

10

15

20

25

P
o
w
er

(d
B
)
re
fe
re
n
ce
d
to

p
re
-f
a
u
lt
m
ed
ia
n

Figure 12. Time–frequency maps for all fault types using a high-frequency voltage residual at sensor
S0. Each subplot shows a localized broadband energy increase around fault inception, indicated by
the dashed line, confirming transient behavior consistent with traveling-wave propagation rather
than stationary noise.

8.2.5. Fault-Inception and Wavefront-Arrival Timing

The dashed vertical reference used in Figures 9–12 denotes the simulator-defined
fault-inception instant t f , which is equivalent to t0 in the propagation-residual formulation.
This source event time must be distinguished from the first wavefront-arrival time at sensor
m, because the latter includes the propagation delay between the fault position and the
measurement location.

For event n, the reference first-arrival time at sensor m is expressed as

τref
m,n = t f ,n +

dm

(
x f ,n

)
v̂(αn)

, (127)

where x f ,n is the simulated fault position, dm(x f ,n) is the corresponding feeder-path dis-
tance, and v̂(αn) is the aging-conditioned propagation velocity. The onset detector in (47)
produces the measured estimate τ̂m,n.
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Once the TW-TOA position x̂TOA,n has been obtained, an operational estimate of the
fault-inception time can be reconstructed from the detected sensor arrivals as

t̂TOA
0,n =

∑
m∈M(n)

valid

wm

[
τ̂m,n −

dm(x̂TOA,n)

v̂(αn)

]
∑

m∈M(n)
valid

wm
. (128)

The corresponding inception-time error is

eTOA
t0,n = t̂TOA

0,n − t f ,n. (129)

Wavefront-detection accuracy is more directly characterized at the sensor level through

eτ,m,n = τ̂m,n − τref
m,n, (130)

with aggregate measures

MAEτ =
1

Nτ
∑
n

∑
m∈M(n)

valid

|eτ,m,n|, P95τ = Q0.95({|eτ,m,n|}), (131)

where Nτ is the total number of valid sensor–event arrival estimates.
The Hybrid inference architecture predicts the fault type, feeder area, and fault location;

it does not contain a fault-inception-time or wavefront-arrival-time output head. Therefore,
t̂0 is not a Hybrid model prediction. The detected arrivals are used in the TW-TOA reference
and in the propagation-consistency term during training, whereas online Hybrid inference
operates directly on the time–frequency tensor.

The retained evaluation outputs contain the diagnostic predictions and aggregate
performance metrics but not the complete set of per-event arrival-time estimates τ̂m,n or
reconstructed inception times t̂TOA

0,n . Consequently, Figures 9–12 provide a signal-level
visualization of the known fault inception and the associated transient response rather than
a quantitative evaluation of wavefront-detection timing.

8.2.6. Qualitative Time–Frequency Saliency Illustration

Figure 13 compares the time–frequency representation of a representative DLG-ABG
fault at sensor S0 with a proxy saliency overlay constructed on the same time–frequency
grid. The input map is computed from the high-frequency residual of the measured signal
and referenced to the pre-fault condition. The proxy overlay emphasizes the transient
broadband region surrounding the known simulated fault-inception instant.

The concentration of the overlay around fault inception is physically compatible with
the expected high-frequency excitation of a fault-initiated traveling wave. However, the
displayed saliency pattern is not computed from the gradients, activations, or feature
contributions of the trained diagnostic network. It therefore provides only a qualitative
visualization of the signal region that a physically plausible model explanation would be
expected to emphasize.

Model-specific interpretability requires attribution maps computed directly from
the trained fault-type and localization outputs, such as the Grad-CAM- and SHAP-style
formulations defined in Section 5.5. The quantitative diagnostics introduced in Section 5.5.5
are consequently not applied to Figure 13, because transient concentration, attribution
stability, compactness, and occlusion-based faithfulness cannot be established from a
proxy overlay.
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Figure 13. Qualitative time–frequency saliency illustration for a representative DLG-ABG fault at
sensor S0. The left panel shows the input time–frequency representation, whereas the right panel
shows a proxy saliency overlay constructed to emphasize the broadband transient region around
the known simulated fault-inception instant. The proxy overlay is not a model-native Grad-CAM or
SHAP attribution and is not used as quantitative evidence of explanation faithfulness.

8.3. Main Quantitative Performance on the Stratified Test Set

We next quantify the multi-task performance of the four predictors under identical
test-set conditions. The central objective is to determine whether the proposed physics-
regularized and hybrid learning strategies provide systematic and consistent improvements
across the three coupled tasks considered in this work: (i) discrete fault-type classification,
(ii) discrete feeder-area identification, and (iii) continuous fault localization. Particular
attention is given to the localization tail error, since large deviations are especially relevant
in protection, maintenance, and service-restoration applications.

8.3.1. Primary Quantitative Summary

Table 9 reports the principal test-set metrics for all models. These values provide
the numerical basis for the comparative analysis that follows. For the localization task,
both the mean absolute error (MAE) and the 95th percentile (P95) of the absolute error are
reported. While MAE describes average estimation accuracy, P95 characterizes the upper
tail of the error distribution and therefore captures high-error cases that may dominate
operational risk.

Table 9. Test-set performance summary across fault-type classification, area identification, and
localization. Localization errors are expressed in per-unit distance.

Model Fault Acc. Area Acc. MAE P95

TW-TOA 0.76 0.86 0.027 0.069
Baseline 0.83 0.90 0.021 0.054
PINN 0.89 0.93 0.014 0.036
Hybrid 0.93 0.96 0.011 0.027

8.3.2. Computational Scope and Inference Latency

Table 9 reports diagnostic performance only. The retained experimental outputs do
not include execution-time traces, processor or accelerator specifications, memory usage,
model-parameter counts, or floating-point operation counts. Consequently, a numerical
inference time cannot be reported without performing a new controlled benchmark, and
the present results do not establish real-time or near-real-time execution capability.
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The online Hybrid inference path comprises per-unit signal scaling, construction of the
30× 65× 59 time–frequency tensor, evaluation of the shared encoder and the fault-type and
area-identification heads, selection of the area-dependent sensor channels, and evaluation
of the local regression head associated with the predicted area. Cable-transient simulation,
model training, backpropagation of the physics-consistency loss, bootstrap analysis, and
attribution-map generation are offline operations and are not required for each online
diagnostic prediction.

A reproducible latency assessment should separately measure signal preprocessing
and neural-network execution using a batch size of one after an initial warm-up period.
For Nrun repeated evaluations, the per-event end-to-end latency can be defined as

t(r)inf = t(r)output − t(r)input, r = 1, . . . , Nrun, (132)

and summarized through the median and upper-tail latency:

t̃inf = Q0.50

({
t(r)inf

}Nrun

r=1

)
, tinf,P95 = Q0.95

({
t(r)inf

}Nrun

r=1

)
. (133)

Such measurements must be reported together with the processor or accelerator model,
available memory, numerical precision, software environment, thread configuration, and
the inclusion or exclusion of signal acquisition and STFT computation. Without these
implementation-dependent quantities, deployment feasibility cannot be inferred from the
diagnostic accuracy metrics alone.

8.3.3. Physical Scale of the Localization Error

The global fault coordinate is expressed as a normalized arc-length position with
respect to a reference feeder length ℓref. Accordingly, a normalized absolute error epu

corresponds to the physical distance

ephys = epu ℓref. (134)

The localization results obtained by the Hybrid model can therefore be written as

MAEphys = 0.011 ℓref, eP95,phys = 0.027 ℓref. (135)

When ℓref is expressed in meters or kilometers, the corresponding localization errors are
obtained directly in the same unit. In the normalized feeder adopted in this paper, the
cable sections are represented through relative arc lengths; therefore, the numerical values
in meters or kilometers depend on the physical section lengths assigned to a particular
network implementation.

The sampling frequency of 200 kHz corresponds to a sampling interval of

∆ts =
1
fs

= 5 µs. (136)

For an effective propagation velocity v̂(α), the associated one-way propagation distance
over one sampling interval is

∆ds = v̂(α)∆ts, ∆λs =
v̂(α)∆ts

ℓref
. (137)
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For a differential-arrival formulation, the corresponding first-order spatial increment is
approximately

∆ddiff ≈
v̂(α)∆ts

2
. (138)

These quantities provide a sampling-based reference for interpreting the reported errors.
The TW-TOA implementation additionally uses sub-sample interpolation and multiple
sensor arrivals, whereas the learning-based models infer location from the complete time–
frequency tensor. Their effective resolution is therefore influenced jointly by sampling
frequency, measurement bandwidth, synchronization, propagation-velocity uncertainty,
and the information contained in the multi-channel transient representation.

Table 9 shows progressively improved performance across the four evaluated configu-
rations. The Hybrid model achieves the highest accuracy in both discrete tasks, reaching
0.93 for fault-type classification and 0.96 for area identification. For localization, MAE de-
creases from 0.027 for TW-TOA to 0.011 for the Hybrid configuration, while P95 decreases
from 0.069 to 0.027. The reduction in P95 indicates that the complete Hybrid formulation
improves both the average localization accuracy and the upper tail of the absolute-error
distribution.

The Baseline–PINN comparison isolates the effect of adding the propagation-
consistency loss to the matched global supervised architecture. Relative to the Baseline, the
PINN increases fault-type accuracy from 0.83 to 0.89, increases area-identification accuracy
from 0.90 to 0.93, reduces MAE from 0.021 to 0.014, and reduces P95 from 0.054 to 0.036.
Within the controlled test domain, these differences are consistent with a beneficial effect
of the output-dependent physics regularization under otherwise matched task definitions
and input representations.

8.3.4. Relative Gains of the Hybrid Model

Table 10 reports the relative gains of the Hybrid model with respect to each refer-
ence configuration. Accuracy improvements are expressed in percentage points, whereas
localization improvements are expressed as relative reductions in MAE and P95.

Table 10. Relative gains of the Hybrid model with respect to each reference configuration. “pp”
denotes percentage points.

Hybrid vs. Reference
∆ Fault ∆ Area MAE Red. P95 Red.

(pp) (pp) (%) (%)

TW-TOA +17.0 +10.0 59.3 60.9
Baseline +10.0 +6.0 47.6 50.0
PINN +4.0 +3.0 21.4 25.0

Relative to TW-TOA, the Hybrid configuration increases fault-type accuracy by 17.0
percentage points and area-identification accuracy by 10.0 percentage points while reducing
MAE by 59.3% and P95 by 60.9%. Relative to the purely data-driven Baseline, it increases
fault-type and area-identification accuracies by 10.0 and 6.0 percentage points, respectively,
and reduces MAE and P95 by 47.6% and 50.0%.

The additional differences between PINN and Hybrid are 4.0 percentage points in
fault-type accuracy, 3.0 percentage points in area-identification accuracy, a 21.4% reduction
in MAE, and a 25.0% reduction in P95. These differences quantify the advantage of the
complete Hybrid configuration over the global PINN configuration. Because the Hybrid
simultaneously introduces area-conditioned routing, area-dependent sensor selection, and
local regression heads, the PINN–Hybrid comparison does not identify the marginal
contribution of any individual component.
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8.3.5. Graphical Summary of Overall Performance

For a compact visual comparison, Figure 14 summarizes the main quantitative metrics
across all models, including fault-type accuracy, area-identification accuracy, localization
MAE, and localization P95.
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Figure 14. Main performance summary on the test set: fault-type accuracy, area-identification
accuracy, localization MAE, and localization P95 across TW-TOA, Baseline, PINN, and Hybrid
models. The Hybrid model consistently achieves the best performance across all metrics, including
reduced tail error.

As shown in Figure 14, a consistent ordering is observed across the four evaluation
criteria. TW-TOA provides a physically interpretable reference, while the Baseline and
PINN models progressively improve performance. The Hybrid model achieves the highest
classification and area-identification accuracies while simultaneously minimizing both
MAE and P95. This confirms that the improvement is not restricted to a single metric;
instead, it reflects a balanced enhancement across discrete and continuous tasks. There-
fore, the Hybrid configuration provides a superior overall operating point by improving
classification reliability, area identification, and localization precision at the same time.

8.4. Confusion Matrices and Fine-Grained Diagnostic Analysis

Aggregate metrics summarize global performance but do not reveal whether the re-
maining errors are physically plausible or randomly distributed across unrelated classes.
Therefore, a class-level and area-level diagnostic analysis is required. For fault-type clas-
sification, the relevant question is whether misclassifications occur mainly between fault
categories with similar phase involvement or grounding conditions. For area identification,
errors are expected to occur primarily between adjacent feeder partitions, because faults
close to area boundaries may generate similar multi-sensor transient patterns.

Figure 15 presents the diagnostic suite of the Hybrid model on the test set with
N = 7200 samples. The figure includes row-normalized confusion matrices for fault-type
classification and area identification together with per-class precision, recall, F1-score, and
area-wise accuracy. The class-level metrics are computed according to (112)–(114), so the
diagnostic evaluation is not limited to aggregate accuracy.
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The fault-type confusion matrix in Figure 15 exhibits strong diagonal dominance, indi-
cating that correct classifications dominate across the eleven fault classes. The remaining
off-diagonal entries are sparse and mainly concentrated among fault types with related
electrical behavior, such as faults sharing a similar phase involvement or ground-return
components. This pattern suggests that the errors are consistent with intrinsic waveform
similarity rather than arbitrary class confusion.

The area-identification confusion matrix also shows diagonal dominance. When
area misclassifications occur, they are mostly located near the main diagonal, meaning
that incorrect predictions tend to involve neighboring areas. This behavior is physically
reasonable because faults located close to area boundaries can produce similar arrival
patterns at adjacent sensor subsets. The area-wise accuracy bars further indicate that no
feeder partition dominates the error distribution, supporting balanced performance across
the six areas.

Overall, Figure 15 shows that the Hybrid model errors are structured, spatially co-
herent, and physically interpretable. This strengthens the validity of the aggregate results
reported in Tables 9 and 10, because high global accuracy is accompanied by plausible error
patterns rather than by uncontrolled misclassification behavior.

Figure 15. Hybrid diagnostic suite on the test set (N = 7200): row-normalized fault-type confusion
matrix with per-class precision, recall, and F1-score metrics, and row-normalized area-identification
confusion matrix with area-wise accuracy. The dominant diagonal structure indicates accurate
predictions, while the sparse off-diagonal entries are mainly associated with physically related fault
types or neighboring feeder areas.

8.5. Localization Regression Behavior: Bias, Dispersion, and Tail Risk

A rigorous evaluation of fault-location performance requires more than scalar indi-
cators such as MAE and P95. Although these metrics summarize average and tail errors,
they do not reveal whether the estimator exhibits systematic bias, position-dependent devi-
ations, asymmetric errors, or aging-dependent dispersion. Therefore, Figure 16 presents
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a detailed regression diagnostic suite for the Hybrid model on the stratified test set with
N = 7200 samples.

The predicted-versus-true location plot in Figure 16 evaluates global bias and calibra-
tion over the complete normalized feeder span. A concentration of samples around the
identity line indicates that the estimator preserves proportionality between the true and
predicted locations and does not introduce strong position-dependent distortions. The
signed-error histogram evaluates whether localization errors are centered around zero,
while the empirical cumulative distribution function (CDF) of the absolute error quantifies
the fraction of events localized within a given tolerance. Finally, the absolute-error-versus-
aging plot evaluates whether increasing degradation severity produces systematic error
growth or heteroscedastic behavior.
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Figure 16. Hybrid localization regression diagnostics on the test set (N = 7200): predicted versus true
normalized location λ, signed error distribution, empirical CDF of absolute localization error, and
absolute error versus normalized aging-stress index α. These diagnostics evaluate bias, dispersion,
tail behavior, and sensitivity to aging-induced parameter drift.

As shown in Figure 16, the predicted locations are concentrated close to the identity
line, indicating low systematic bias across the feeder. The signed-error distribution is
approximately centered around zero, which supports the absence of a dominant positive
or negative localization bias. The empirical CDF confirms that most events fall below
small absolute-error thresholds, which is consistent with the MAE and P95 values reported
in Table 9. The absolute-error-versus-aging panel shows that localization errors remain
bounded over the full aging range, although moderate dispersion is expected at higher
values of α because aging modifies attenuation, dispersion, and apparent propagation
velocity. Thus, Figure 16 provides distributional evidence that complements the aggregate
localization metrics and supports the robustness analysis developed in the following
subsection.

8.6. Robustness Studies: Noise (SNR), Aging, and Fault Resistance

For practical deployment in underground distribution networks, a fault diagnosis
framework must maintain stable performance under variations in measurement noise,
insulation degradation, and fault resistance. Robustness is therefore evaluated through
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controlled binned analyses in which performance metrics are computed as functions of a
single perturbation variable while marginalizing over all remaining scenario parameters.
The analyzed metrics include fault-type classification accuracy, area-identification accuracy,
and localization mean absolute error (MAE). This methodology isolates the sensitivity of
each model to individual stress factors while preserving the statistical representativeness
of the test set.

8.6.1. Robustness Within the Prescribed Additive-Noise Range

Figure 17 evaluates performance as a function of SNR over the interval 20–40 dB used
for dataset generation. Within this interval, decreasing SNR progressively reduces the
fault-type and area-identification accuracies and increases the localization MAE for all
evaluated configurations, reflecting the reduced visibility of the high-frequency transient
components used for diagnosis and location.

The Hybrid configuration maintains the highest classification accuracies and the lowest
localization MAE throughout the evaluated SNR range. The persistence of this ordering
across the SNR bins indicates that its comparative advantage is not restricted to the least
noisy events in the controlled dataset.
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Figure 17. Binned test-set performance as a function of SNR over the simulated range of 20–40 dB:
fault-type accuracy, area-identification accuracy, and localization MAE. Decreasing SNR degrades all
configurations, while the Hybrid model retains the highest accuracies and the lowest MAE within
the prescribed additive-noise domain.

The SNR analysis represents additive channel-noise variation under the ideal synchro-
nized measurement chain defined in Section 7.5. It does not reproduce non-additive field
disturbances such as current-transformer saturation, clipping, channel-dependent filtering,
timing skew, synchronization loss, impulsive interference, or sensor transfer-function dis-
tortion. These effects cannot generally be represented by an equivalent SNR value because
they modify waveform shape and arrival-time information rather than only the noise en-
ergy. Accordingly, the trends in Figure 17 characterize robustness to additive noise within
the simulated interval and do not establish robustness under severe measurement-chain
distortion or SNR values below 20 dB.
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The normalized aging-stress index modifies the distributed electrical parameters of
underground cables and, consequently, affects attenuation, dispersion, and effective propa-
gation velocity within the controlled simulation domain. Figure 18 presents performance as
a function of α, where each point represents the average metric within an α-bin. This analy-
sis should be interpreted as sensitivity to structured aging-induced parameter drift—not as
validation against field-calibrated cable age.

A consistent trend is observed: increasing α reduces classification and area-identification
accuracy while increasing the localization MAE. This behavior is expected because the
progressive perturbation of R(α), L(α), C(α), and G(α) changes the transient attenuation,
apparent propagation velocity, and wavefront morphology, thereby increasing the difficulty
of both classification and localization. This reflects the growing difficulty of the problem as
the waveform distortion increases. Importantly, the Hybrid model exhibits the smallest
degradation slope across all metrics, indicating improved robustness to aging-induced
variations in signal propagation.
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Figure 18. Binned robustness versus normalized aging-stress index α on the test set: fault-type
accuracy, area-identification accuracy, and localization MAE. Increasing aging degrades all mod-
els, whereas the Hybrid model shows the smallest performance degradation, indicating improved
robustness to aging-driven propagation effects.

8.6.2. Robustness Versus Fault Resistance R f

Fault resistance determines the magnitude of fault currents and the strength of the
resulting transient signals. Figure 19 reports performance as a function of R f , showing that
increasing resistance weakens the transient signature and reduces discriminability.

All models exhibit decreased classification accuracy and increased localization MAE as
R f increases. Nevertheless, the Hybrid model consistently maintains the best performance
across the full resistance range, achieving the highest discrete-task accuracies and the
lowest localization error. This indicates improved stability under high-impedance fault
conditions, which are particularly challenging in practical systems.
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Figure 19. Binned robustness versus fault resistance R f on the test set: fault-type accuracy, area-
identification accuracy, and localization MAE. Increasing R f weakens transient signatures and
degrades performance for all models; the Hybrid model remains the most stable across the evalu-
ated range.

8.7. Topology Sensitivity and Area-Wise Heterogeneity

Underground distribution feeders are not topologically uniform. Lateral branches
introduce impedance discontinuities, additional reflection points, and modified propaga-
tion paths, which can alter transient signatures and complicate arrival-time interpretation.
Therefore, performance is evaluated not only globally but also under two topology-aware
perspectives: trunk versus lateral faults and area-wise feeder partitions.

8.7.1. Trunk Versus Lateral Comparison

Figure 20 compares the model performance for faults located on the main trunk and
on lateral branches. This figure evaluates whether the reported gains are preserved when
the propagation path includes additional branching effects.

Across all models, lateral faults produce slightly lower classification accuracy and
higher localization MAE than trunk faults. This behavior is physically consistent with
the additional reflections and local impedance mismatches introduced by lateral branches.
However, the relative model ordering remains stable in both cases. The Hybrid model
achieves the highest fault-type and area-identification accuracies and the lowest localization
MAE for both trunk and lateral events, indicating that its improvement is not restricted to
the simpler main-trunk topology.

8.7.2. Area-Wise Performance and Junction-Related Ambiguity

Figure 21 reports the fault-type accuracy, area-identification accuracy, and localization
MAE separately for the six feeder areas. This disaggregation captures variations in sensor
observability, branching structure, and dominant propagation paths that are concealed by
the aggregate test-set metrics.
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Figure 20. Topology-conditioned performance on the test set (N = 7200): fault-type accuracy,
area-identification accuracy, and localization MAE for trunk and lateral faults. Lateral events are
more challenging due to additional branching effects, but the Hybrid model maintains superior
performance in both regimes.

Moderate area-to-area variability is observed particularly in localization MAE. Areas
containing or adjoining branching points are exposed to additional reflected and refracted
wave components, whereas terminal and boundary areas may provide fewer independent
propagation paths. These effects can reduce the separability of first-arrival signatures and
increase the possibility that similar transient patterns are associated with neighboring locations.

Area-wise	performance	(test	set	N=7200)
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Figure 21. Area-wise test-set performance for feeder partitions A1–A6: fault-type accuracy, area-
identification accuracy, and localization MAE. The results show the influence of the area-dependent
sensing geometry and branching structure on diagnostic performance.

The Hybrid configuration maintains the most favorable performance among the
evaluated methods in each area. Nevertheless, the area-wise averages do not isolate the
error distribution as a continuous function of distance from a junction or area boundary.
Fault locations are sampled within

x f /ℓe f ∈ [0.05, 0.95],
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so exact section endpoints and junction coordinates are excluded, but events remain dis-
tributed across regions with different levels of proximity to impedance discontinuities.

A boundary-conditioned assessment can be defined using

δJ,n = min
j∈J

dpath

(
x f ,n, xj

)
, (139)

where J is the set of feeder junctions and area boundaries, and dpath(·, ·) is the short-
est feeder-path distance. Localization errors may then be grouped according to δJ,n to
distinguish near-junction events from faults occurring in the interior of cable sections.

The present area-wise results demonstrate consistency across the six predefined parti-
tions, but they should not be interpreted as a dedicated validation of localization immedi-
ately adjacent to junctions or area boundaries. Such locations remain especially sensitive to
reflection overlap, area-routing errors, propagation-path ambiguity, and uncertainty in the
local cable parameters.

8.8. Localization Error Sensitivity Maps: Joint Effects of Aging, SNR, and R f

The single-stressor analyses in Section 8.6 quantify the marginal effect of SNR, aging,
and fault resistance separately. However, the localization performance may also be affected
by the interactions among stressors. To evaluate these interactions, Figure 22 presents
two-dimensional sensitivity maps for the Hybrid model by binning the test-set samples
over pairs of stress variables and aggregating localization-error statistics within each bin.

Let λ ∈ [0, 1] denote the true normalized fault location and λ̂ its estimate. The signed
localization error is defined as

e = λ̂− λ, (140)

and the analysis focuses on the absolute error |e|. For each bin, Figure 22 reports two
statistics: the mean absolute error E[|e|], which describes the typical localization perfor-
mance, and the 95th-percentile absolute error P95(|e|), which characterizes tail deviations.
The maps are constructed over (α, SNR) and (α, log10(R f )), where α is the normalized
aging-stress index, SNR is expressed in dB, and R f is the fault resistance.

The (α, SNR) maps show that the localization error increases when aging becomes
more severe and measurement quality decreases. This trend is physically consistent with
transient-based localization in underground cables: aging modifies attenuation, dispersion,
and effective propagation velocity, whereas low SNR reduces the observability of high-
frequency fault-initiated components. Their combined effect increases uncertainty in
transient detection and location regression.

The (α, log10(R f )) maps further indicate that larger errors occur when high normalized
aging-stress levels coincide with moderate-to-high fault resistance. As R f increases, the
injected transient becomes weaker and phase-dependent features become less pronounced.
Consequently, the high-frequency content used for localization becomes less observable,
increasing both the central error and tail risk. The P95 maps exhibit stronger contrast than
the mean-error maps, indicating that compounded stressors affect extreme localization
deviations more strongly than average performance.

Each bin in Figure 22 is annotated with the corresponding number of test samples.
These annotations verify that the observed high-error regions are supported by sufficient
samples and are not artifacts of severe bin imbalance. Therefore, Figure 22 provides a joint
sensitivity analysis showing how aging, noise, and fault resistance interact to influence
Hybrid localization accuracy and tail behavior.
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Figure 22. Hybrid localization error sensitivity maps on the test set: binned mean absolute error
(top row) and binned 95th-percentile absolute error (bottom row) as functions of (α, SNR) and
(α, log10(R f )). Numbers inside cells denote per-bin sample counts, allowing verification that high-
error regions are supported by adequate sample coverage.

8.9. Reliability and Calibration of Localization and Classification Confidence

Point metrics such as MAE and P95 summarize central tendency and tail behavior,
but they do not directly quantify operational reliability. For deployment in protection and
monitoring systems, it is essential to evaluate the probability that localization errors remain
within admissible tolerances and to verify whether confidence estimates reflect actual
predictive correctness. This subsection therefore analyzes reliability through empirical
coverage functions and evaluates confidence calibration for classification outputs.

8.9.1. Reliability Curves for Localization

Let λ ∈ [0, 1] denote the true normalized fault location and λ̂ its estimate. For a
tolerance ϵ ≥ 0, the empirical coverage function is defined as

C(ϵ) = P
(
|λ̂− λ| ≤ ϵ

)
, (141)

which corresponds to the cumulative distribution function of the absolute localization error
evaluated at ϵ. The function C(ϵ) is monotonically non-decreasing with C(0) = 0 and
limϵ→∞ C(ϵ) = 1.

Figure 23 reports C(ϵ) for all models on the test set. Faster-rising curves indicate a
higher probability of achieving a small localization error. For any admissible tolerance
ϵ⋆, the value C(ϵ⋆) directly represents the probability that the localization error remains
within that bound.

As shown in Figure 23, the Hybrid model dominates across the full tolerance range.
This implies first-order stochastic improvement in localization accuracy: for any threshold
ϵ, the Hybrid model achieves a higher probability of satisfying |λ̂ − λ| ≤ ϵ. The steep
initial slope of the Hybrid curve indicates a strong concentration of probability mass near
zero error, which is consistent with the reduced MAE and P95 reported in Table 9.
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Figure 23. Localization reliability curves on the test set: empirical coverage C(ϵ) = P(|λ̂− λ| ≤ ϵ)

as a function of tolerance ϵ. Faster-rising curves indicate a higher probability of satisfying strict
localization bounds. The Hybrid model achieves uniformly higher coverage across tolerances,
indicating improved reliability.

8.9.2. Calibration and Confidence Analysis

Accurate classification does not necessarily imply reliable probabilistic confidence. For
the Baseline, PINN, and Hybrid models, the classification confidence assigned to sample n
is defined as the maximum predicted fault-type probability:

cn = max
c∈ST

p̂n,c. (142)

The test samples are partitioned into equal-width confidence intervals, and the empirical
accuracy and mean confidence are computed within each nonempty bin. The expected
calibration error is

ECE =
Bcal

∑
b=1

|Ib|
N
|acc(Ib)− conf(Ib)|, (143)

where Ib is the set of samples assigned to confidence bin b, |Ib| is its sample count, and
Bcal is the number of calibration bins.

Accordingly, the quantitative calibration interpretation is restricted to the Baseline,
PINN, and Hybrid outputs in the empirical-accuracy, reliability, and ECE panels. The
bottom density panel illustrates possible differences in confidence concentration but does
not constitute an empirical distribution of trained-model outputs. Likewise, the TW-
TOA entries are not interpreted as probabilistic calibration results because TW-TOA is a
deterministic reference method without a native softmax or posterior-probability output.
These calibration results are summarized in Figure 24.
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Figure 24. Calibration assessment on the test set. The top-left and top-right panels show binned
empirical accuracy and reliability results, respectively, and the middle-left panel reports expected
calibration error. For the learning-based models, these three panels are calculated from the fault-type
probabilities produced by the trained networks. The TW-TOA traces and the bottom confidence-
density panel are proxy visualizations because the deterministic TW-TOA implementation does not
produce native class probabilities and complete per-sample confidence distributions were not retained.
Proxy elements are included only for qualitative context and are excluded from the quantitative
calibration conclusions.

Within the learning-based comparison, the Hybrid model exhibits the closest align-
ment between confidence and empirical correctness among the evaluated neural configura-
tions. This result supports only a relative calibration comparison within the controlled test
domain; it does not establish field-calibrated uncertainty or justify interpreting the proxy
panels as measured predictive-confidence distributions.

8.10. Selective Prediction: Coverage–Risk and Coverage–Error Trade-Offs

Selective prediction evaluates diagnostic performance after retaining only the samples
with the highest confidence scores. For the learning-based configurations, the fault-type
classification confidence of sample n is defined as

ccls,n = max
c∈ST

p̂n,c, (144)

https://doi.org/10.3390/en19153567

https://doi.org/10.3390/en19153567


Energies 2026, 19, 3567 56 of 64

where p̂n,c is the predicted probability of fault class c.
Because the localization heads produce point estimates rather than predictive dis-

tributions, the model does not provide a native coordinate-level uncertainty estimate.
The confidence used to rank localization predictions is therefore the feeder-area routing
confidence

cloc,n = max
a∈{1,...,A}

p̂Aa ,n. (145)

This quantity measures confidence in selecting the area-specific regression path; it should
not be interpreted as a calibrated confidence interval for the continuous location estimate.

For each task, the test samples are sorted in descending order of the corresponding
confidence score. At coverage level q, the retained index set is

K(q) =
{

π(1), . . . , π(Nq)
}

, Nq = ⌊qN⌋, (146)

where π is the confidence-based ordering and

q ∈ {0.1, 0.2, . . . , 1.0}. (147)

For the test set with N = 7200, the retained subsets therefore contain between 720 and
7200 events.

Classification selective risk is defined as

Rcls(q) = 1− 1
Nq

∑
n∈Kcls(q)

⊮[ŷcls,n = ycls,n], (148)

whereas localization error at coverage q is

Eloc(q) =
1

Nq
∑

n∈Kloc(q)

∣∣∣λ̂n − λn

∣∣∣. (149)

Figure 25 reports these coverage–performance relationships for the learning-based
configurations. The TW-TOA trace is included only as a qualitative reference because the
deterministic TW-TOA method does not produce native fault-class or area probabilities
comparable with (144) and (145).

Selective	prediction	analysis	(test	set	N=7200)
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Figure 25. Selective prediction analysis on the test set. The left panel reports classification selective
risk, and the right panel reports localization MAE over the retained subsets. For the learning-based
configurations, samples are ranked using the maximum fault-type probability for classification
and the maximum feeder-area probability for localization. The TW-TOA trace is shown only as a
qualitative reference because TW-TOA does not provide native probabilistic confidence outputs.
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For the learning-based configurations, both the classification risk and localization
MAE decrease as coverage is reduced. This behavior indicates that the probability outputs
provide useful rankings of prediction difficulty within the controlled test domain. The
Hybrid configuration maintains the lowest selective risk and localization MAE across the
evaluated coverage levels. Nevertheless, the localization confidence in (145) quantifies
routing certainty rather than uncertainty in the continuous coordinate itself; coordinate-
level uncertainty would require a probabilistic regression head, an ensemble, or another
dedicated uncertainty-estimation mechanism.

8.11. Uncertainty Quantification via Bootstrap Distributions

Point estimates such as the classification accuracy and localization MAE do not capture
the sampling variability associated with a finite test set. Statistical uncertainty is therefore
quantified using a paired non-parametric bootstrap procedure applied to the fixed test-
set predictions.

Given the test set of size N = 7200, a total of B = 1400 bootstrap resamples are
generated. For each bootstrap repetition b ∈ {1, . . . , B}, an index vector

I (b) =
{

i(b)1 , . . . , i(b)N

}
, i(b)k ∼ U{1, . . . , N}, (150)

is sampled with replacement from the original test-set indices. The same resampled index
vector I (b) is applied to every evaluated method within repetition b, thereby preserving the
paired structure of the common test set. The models are not retrained during bootstrapping;
the classification accuracy and localization MAE are recomputed from the previously
obtained test predictions for each resample.

For a performance metric M with bootstrap values {M(b)}B
b=1, the reported central

estimate is the bootstrap median, and the empirical two-sided 95% percentile confidence
interval is

CI95%(M) =
[

Q0.025

(
{M(b)}B

b=1

)
, Q0.975

(
{M(b)}B

b=1

)]
, (151)

where Qp(·) denotes the empirical quantile of order p. This procedure quantifies finite-
sample variability without assuming Gaussian metric distributions and ensures that com-
parisons among methods are based on identical bootstrap realizations.

8.11.1. Bootstrap Distributions

Figure 26 presents the empirical distributions of classification accuracy and localiza-
tion MAE across bootstrap resamples. The central marker denotes the median of each
distribution, while the intervals represent empirical 95% percentile ranges.

As shown in Figure 26, the distributions for different models remain clearly separated
across resamples. This indicates that the observed ranking of methods is stable and not
driven by a particular realization of the test set, thereby strengthening the reliability of the
comparative results.

8.11.2. Bootstrap Confidence Interval Summary

To provide numerical values consistent with Figure 26, Table 11 reports the boot-
strap medians and corresponding empirical 95% percentile confidence intervals for the
classification accuracy and localization MAE.

Table 11 confirms that the Hybrid model not only achieves the best median perfor-
mance but also exhibits relatively narrow confidence intervals. This indicates that its
superiority is robust under sampling variability and not sensitive to the particular compo-
sition of the test set.
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Figure 26. Bootstrap distributions on the test set: classification accuracy (left) and localization MAE
(right) across bootstrap resamples. Markers indicate medians and intervals represent empirical 95%
percentile ranges.

Table 11. Bootstrap summary on the test set: median and empirical 95% percentile confidence
intervals for classification accuracy and localization MAE.

Model Accuracy (Median [95% CI]) MAE (p.u.) (Median [95% CI])

TW-TOA 0.76 [0.75, 0.77] 0.027 [0.0265, 0.0275]
Baseline 0.83 [0.82, 0.84] 0.021 [0.0208, 0.0216]
PINN 0.89 [0.88, 0.90] 0.014 [0.0140, 0.0146]
Hybrid 0.93 [0.92, 0.94] 0.011 [0.0105, 0.0111]

8.12. Global Trade-Offs: Pareto Frontier and Radar Comparison

Because the proposed framework jointly addresses fault-type classification, area identi-
fication, and continuous localization, performance must be interpreted in a multi-objective
setting. A model is operationally preferable only if improvements in one objective do not
incur degradation in others. Therefore, joint performance is analyzed using Pareto and
normalized multi-metric visualizations.

8.12.1. Pareto Trade-Off Between Localization Error and Fault-Type Accuracy

Figure 27 represents each model in a two-dimensional objective space defined by
fault-type accuracy (to be maximized) and localization MAE (to be minimized). In this
plane, a model Pareto-dominates another if it achieves no worse performance in both
objectives and strictly better performance in at least one.

As observed in Figure 27, the Hybrid model occupies the most favorable position in
the Pareto plane, achieving both higher classification accuracy and lower localization error
than the alternatives. This demonstrates that the improvement is not obtained through a
trade-off but reflects a genuinely superior joint operating point.
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Figure 27. Pareto representation of fault-type accuracy versus localization MAE on the test set. Each
point corresponds to one model. Points closer to the upper-left region indicate higher classification
accuracy and lower localization error.

8.12.2. Radar Comparison Across Normalized Objectives

While Figure 27 focuses on two primary objectives, Figure 28 extends the comparison
to multiple metrics, including fault-type accuracy, area-identification accuracy, and local-
ization performance expressed through normalized inverse MAE and inverse P95. All axes
are oriented so that larger values correspond to better performance.

Figure 28. Radar comparison across normalized objectives with larger values indicating better
performance on all axes: fault-type accuracy, area-identification accuracy, inverse localization MAE,
and inverse localization P95. Normalization ensures consistent interpretation across metrics.
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Figure 28 shows that the Hybrid model expands outward across all axes, indicating
balanced improvements across classification, area identification, and both average and
tail localization errors. This confirms that the proposed framework achieves a consistent
multi-objective advantage rather than isolated gains in individual metrics.

8.13. Integrated-Configuration Summary and Attribution Limits

Figure 29 provides a compact synthesis of the principal task metrics for the four
evaluated diagnostic configurations. It consolidates fault-type accuracy, area-identification
accuracy, localization MAE, and localization P95, and it reproduces the numerical trends
reported in Tables 9 and 10.

Ablation	summary	(test	set	N=7200)
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Figure 29. Integrated-configuration performance summary on the test set. The panels compare
fault-type and area-identification accuracies, localization MAE, and localization P95 for TW-TOA,
Baseline, PINN, and Hybrid. The figure compares complete diagnostic configurations and should
not be interpreted as a component-wise ablation of the Hybrid architecture.

The Baseline–PINN comparison provides a controlled assessment of adding the
propagation-consistency term while retaining the same global supervised architecture.
By contrast, the difference between PINN and Hybrid reflects the combined effect of several
simultaneous modifications: area-conditioned routing, fixed sensor-subset selection, area-
specific local regression heads, and physics regularization within the complete diagnostic
pipeline. Consequently, the additional improvement of the Hybrid configuration cannot be
assigned to any one of these components individually.

Within this scope, Figure 29 shows that the complete Hybrid configuration achieves
the most favorable joint operating point among the evaluated alternatives. The comparison
supports the effectiveness of the integrated formulation as a whole, while a factorial ablation in
which routing, sensor selection, local regression, and physics regularization are independently
enabled or disabled would be required to quantify their separate marginal contributions.

Comparison with Learning-Based Fault-Location Approaches

The learning-based fault diagnosis and location methods reported in the litera-
ture include support-vector-machine classifiers, fuzzy diagnostic systems, wavelet-based
transient-feature models, and data-driven fault-location algorithms [26–28]. These ap-
proaches demonstrate that transient or transformed electrical signals can support accurate
diagnostic decisions when the training data represent the operating domain of interest.

A direct numerical ranking against this paper’s results is not appropriate because the
reported studies differ in feeder topology, voltage level, fault-label space, sensor configura-
tion, sampling frequency, signal representation, physical distance scale, noise model, and
training–test partition. In particular, the classification accuracy obtained for a fault-type-
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only problem is not equivalent to the joint fault-type, feeder-area, and continuous-location
task considered here, and a location error expressed in meters or as a percentage of a
specific line cannot be converted uniquely to the normalized branched-feeder coordinate
used in this paper.

The performance improvement reported in Tables 9 and 10 is therefore meaningful as
a controlled within-study comparison: TW-TOA, Baseline, PINN, and Hybrid are evalu-
ated on the same event records, input channels, label definitions, and parameter ranges.
The results establish that the complete Hybrid configuration outperforms these matched
references within the prescribed simulation domain.

Wavelet-feature SVMs, tree ensembles, recurrent networks, and transformer-based
models were not trained on the present dataset. Consequently, the reported results do not
establish superiority over those architecture families. A direct architecture-level comparison
would require identical training, validation, and test records; the same fault and area labels;
matched preprocessing and sensor information; comparable hyperparameter-selection
budgets; and common classification and localization metrics. Under these conditions,
differences could be attributed to the learning architecture rather than to incompatible
datasets or evaluation protocols.

Taken together, the results support four main observations. First, the waveform,
HF-envelope, and time–frequency analyses in Figures 9–12 confirm that the simulated
dataset contains event-localized, phase-dependent transient signatures consistent with
traveling-wave-like propagation. This indicates that the learning problem is grounded in
physically meaningful signal content rather than artificial class separability.

Second, the quantitative results in Tables 9 and 10, together with Figure 14, show that
the Hybrid model provides coherent multi-task improvement across fault-type classifica-
tion, area identification, and localization. The reduction in both MAE and P95 indicates
that the model improves average accuracy and reduces tail-error risk.

Third, the robustness analyses in Figures 17–22 demonstrate that performance trends
remain stable under variations in SNR, normalized aging-stress index, fault resistance,
and compounded stress conditions. The topology-conditioned and area-wise analyses in
Figures 20 and 21 further show that the gains are not restricted to a single feeder region or
topology subset.

Fourth, the reliability, calibration, selective prediction, and bootstrap analyses in
Figures 23–26 indicate that the reported performance is stable under test-set resampling
and that confidence scores carry useful information for ranking prediction difficulty. This
supports the use of confidence-aware decision policies, such as abstaining from low-
confidence cases or prioritizing them for operator review.

Overall, the empirical evidence indicates that the Hybrid approach provides consistent
improvements across complementary objectives while maintaining stability under struc-
tured perturbations and finite-sample uncertainty. Nevertheless, because the evaluation is
based on controlled simulation data, the results should be interpreted as simulation-based
validation. Future work should incorporate laboratory or field cable-fault measurements,
heterogeneous aging scenarios, and independently validated frequency-dependent cable
models to further assess deployment readiness.

9. Conclusions
This paper developed a physics-regularized Hybrid framework for joint fault-type

classification, feeder-area identification, and continuous fault localization in aging under-
ground distribution networks. The formulation combines synchronized multi-sensor time–
frequency inputs, an output-dependent propagation-consistency loss, area-conditioned
routing, and area-specific local regression heads. Cable degradation is represented through
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a normalized aging-stress index that imposes controlled parameter drift rather than a
field-calibrated asset-health model.

The framework was evaluated on a synthetic branched feeder using 36,000 simulated
events spanning 11 fault classes, 6 feeder areas, trunk and lateral locations, R f ∈ [0.1, 50] Ω,
SNR ∈ [20, 40] dB, and α ∈ [0, 1]. On the held-out test set of 7200 event records, the Hybrid
configuration achieved a fault-type accuracy of 0.93, an area-identification accuracy of
0.96, a localization MAE of 0.011 p.u., and a 95th-percentile absolute error of 0.027 p.u.
It provided the most favorable joint performance among TW-TOA, Baseline, PINN, and
Hybrid under the common simulation protocol.

The Baseline–PINN comparison supports the contribution of the propagation-
consistency term under matched global supervised architectures. The additional difference
between PINN and Hybrid represents the combined effect of area-conditioned routing,
sensor-subset selection, local regression, and physics regularization; therefore, it cannot be
assigned to any one component individually. The robustness and bootstrap analyses further
show that the ordering of the evaluated configurations remains stable within the prescribed
ranges of additive noise, normalized aging stress, fault resistance, and feeder topology.

The time–frequency saliency overlay included in this paper is a qualitative proxy and
does not constitute model-native evidence of explanation faithfulness. Quantitative inter-
pretability claims require Grad-CAM-, SHAP-, or equivalent attribution maps computed
directly from the trained classification and localization outputs and evaluated using the
proposed concentration, stability, compactness, and occlusion criteria.

The reported results characterize the interpolation performance for unseen events gen-
erated by the same simulator and parameter domain. They do not establish cross-simulator
generalization, field accuracy, real-time execution, performance at lower sampling rates,
or robustness to non-additive measurement-chain disturbances. Practical implementation
would require synchronized transient-capable voltage and current sensors, sufficient ana-
log bandwidth, calibrated sensor transfer functions, accurate feeder topology and cable
parameters, condition-dependent propagation-velocity estimation, and calibration of the
aging representation using laboratory or field indicators.

Further validation should use independently generated electromagnetic-transient
waveforms, laboratory cable-fault experiments, and field recordings. It should also ex-
amine heterogeneous and frequency-dependent aging, imperfect synchronization, sensor
saturation and filtering, grouped or out-of-range test scenarios, lower sampling frequencies,
component-wise ablations, matched wavelet/SVM/transformer baselines, and measured
end-to-end inference latency. These steps are required to determine whether the com-
parative advantages observed in the controlled simulation domain are retained under
operational conditions.
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