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Abstract

Steel rails are critical components of industrial dynamic transportation systems, and their
in-service fault diagnosis demands reliable discrimination of multiple defect categories
under multi-mode Lamb-wave dispersion and sample-level physical-parameter drift. The
rail surface is modelled by a thin metal plate instrumented with two EMAT probes (the
standard laboratory surrogate for in-service rail inspection), and the proposed architecture
is evaluated on this rail-equivalent plate geometry. Purely data-driven one-dimensional
classifiers plateau near 80% test accuracy on a 25,000-sample simulated EMAT A-scan
benchmark, while conventional physics-informed neural networks (PINNs) that inject the
physical prior only at the loss-function level fail to break this ceiling. We propose a hybrid
data–physics residual network, the proposed EMAT-PINN, that couples a convolutional
backbone with a logit-orthogonal four-head architecture tying each defect class—hole, crack,
corrosion, weld—to one simulator-derived physical quantity (reflected energy, S0/A0 ratio,
arrival time, or dispersion shift) via a bias-free additive projection of the class logit. The
bias-free construction guarantees that deleting or zeroing any head collapses the affected
class logit to the shared baseline, so the remaining heads cannot reroute around the missing
head—a structural non-replaceability that supports explainable fault diagnosis. Combined
with a four-term physics regression loss (λphys = 2.0), the resulting proposed EMAT-PINN
attains 95.05% test accuracy at only 0.195 M parameters, with every knockout ablation drop-
ping the model below the 80% threshold commonly referenced as a practical acceptance
benchmark. This per-class mapping provides an auditable link between the model’s inter-
nal representation and the physical scattering mechanism behind each decision, directly
supporting explainable fault diagnosis in industrial deployment.

Keywords: EMAT; Lamb wave; physics-informed neural network; fault diagnosis; condi-
tion monitoring; hybrid data-driven model; class-orthogonal physics heads; explainable AI;
rail-defect classification; industrial dynamic systems

1. Introduction
The electromagnetic acoustic transducer (EMAT) is a contact-free ultrasonic source

that exploits Lorentz-force or magnetostrictive coupling to excite guided waves on the
surface of a metal plate or pipe, and it has become a workhorse for industrial nonde-
structive testing (NDT) under conditions—high temperature, rough surface, in-motion
inspection—where conventional piezoelectric ultrasonics are difficult to deploy [1–8].
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In thin-plate applications, EMAT inspection is dominated by Lamb waves, and the re-
ceived A-scan time-domain signal contains three principal constituents: the Tx–Rx di-
rect wave, dominated by the symmetric S0 mode with group velocity cS0 ≈5.61 mm/µs;
the defect-reflected wave, which carries antisymmetric A0 content with group veloc-
ity cA0 ≈ 4.22 mm/µs; and boundary echoes together with multi-mode coupling prod-
ucts. Because different defect classes—circular holes, cracks, corrosion patches, weld
seams—scatter Lamb waves through markedly different mechanisms (geometric reflection,
Rayleigh scattering, surface roughening, and interface coupling [9]), the reflected waveform
encodes, in principle, enough information for automatic defect classification.

In practice, two obstacles stand in the way. The first is multi-mode dispersion: the
S0/A0 group-velocity gap (5.61 versus 4.22 mm/µs) and the frequency-dependent disper-
sion curve c( f ) cause a single defect’s reflected waveform to vary with excitation frequency,
and this variability is further amplified in the field by sample-level drift of the carrier
frequency ( fc perturbed by N (0, 8%)) and the group velocity (cS0 perturbed by N (0, 15%)).
Hand-crafted signal-processing pipelines—Hilbert–Huang transform, wavelet-packet de-
composition [10], synthetic focusing—address the variability through scenario-specific
features and thresholds, but generalise poorly across plates, thicknesses, and operating con-
ditions. The second obstacle is the ceiling of pure data-driven learning: on a 25,000-sample
five-class EMAT A-scan benchmark that we constructed, state-of-the-art one-dimensional
classifiers plateau near 80% test accuracy regardless of architecture (ResNet1D 80.79%,
CNN1D 75.43%, Transformer 71.43%, BiLSTM 23.81%), and simply enlarging parameters
or dataset size does not break this ceiling.

Physics-informed neural networks (PINNs), introduced by Raissi et al., provide a
promising third path: the physical prior that the EMAT geometry L, the dispersion relation
c( f ), and the defect scattering mechanisms are known after calibration can be injected into
the network as an inductive bias [11–13]. Existing PINN applications to industrial signals,
however, almost universally add the physical constraint only at the loss-function level (a
PDE residual term), which is too weak to constrain architecture-level blind convolution; this
explains why loss-only PINNs remain in the 88–92% band on EMAT-like tasks. The central
motivation of the present work is to embed the physical prior in a way that makes the
resulting architecture structurally non-replaceable—i.e., removing any one physics head
leaves the corresponding class without any discriminating signal, and the remaining heads
cannot recover the missing information for that class through retraining: each defect class
is assigned a dedicated physics head that regresses a single simulator-derived physical
quantity, and the class logits are computed as a shared scalar baseline plus four bias-
free additive projections. The bias-free construction guarantees that deleting or zeroing
any head collapses the affected class logit to the shared baseline, forcing the model to
predict the no-defect class for that defect; the remaining heads cannot re-route around the
missing head because no head’s embedding contributes to any class other than its assigned
one. This structural non-replaceability, combined with a four-term physics regression loss
(λphys = 2.0) that anchors each head to its simulator ground truth, constitutes the proposed
logit-orthogonal physics-head design.

Building on this motivation, the contributions of the present work are three-fold. First,
we propose a logit-orthogonal four-head architecture in which the four dominant Lamb-
wave scattering mechanisms—reflected-energy magnitude (hole), S0/A0 mode ratio (crack),
direct-wave arrival time (corrosion), and dispersive frequency shift (weld)—each supervise
an independent physics head whose embedding feeds a bias-free additive projection of
the corresponding class logit; the bias-free construction is the key architectural prior that
makes the four physics segments non-replaceable. Second, we couple this architectural
prior with a single shared-weight physics regression loss (λphys = 2.0) that injects the

https://doi.org/10.3390/machines14091053

https://doi.org/10.3390/machines14091053


Machines 2026, 14, 1053 3 of 26

same physics knowledge at the gradient level, and we show empirically that any single
segment can be deleted without the remaining heads compensating—a property that
prior multi-task PINN designs fail to satisfy [14]. Third, on the 25,000-sample five-class
benchmark, the resulting proposed EMAT-PINN attains 95.05% test accuracy at only
0.195 M parameters, a +14.26 percentage-point margin over the strongest data-driven
baseline (ResNet1D 80.79%); the gain is structural rather than capacity-driven, because the
proposed model is smaller than ResNet1D (0.195 M vs. 1.014 M) yet breaks the 80% plateau
that purely data-driven methods cannot exceed on this benchmark. The 80% threshold
is used here as a study-internal reference line: no single industrial standard specifies a
quantitative accuracy threshold for automated rail-defect classification, and the 80% value is
not claimed to be a regulatory limit. It is instead set slightly above the strongest data-driven
baseline (ResNet1D 80.79%) as a practical acceptance benchmark to illustrate the gain of
the physics-informed design; the two standards cited above [15,16] support the reliability
requirements of automated EMAT inspection in general, not a specific accuracy value.

The remainder of the paper is organised as follows. Section 2 reviews related work
on EMAT and Lamb-wave inspection, one-dimensional signal classification, and PINNs.
Section 3 frames the rail-defect-classification problem as an industrial fault-diagnosis task
and connects the proposed architecture to the hybrid data-driven + physics-based paradigm
highlighted by the recent Special Issue on data-driven and AI-based fault diagnosis for
industrial dynamic systems. Section 4 details the dataset simulation, the logit-orthogonal
four-head architecture, the comparative baselines, and the training protocol. Section 5
reports the main results, the ablation study, and the convergence behaviour of the four
physics losses. Section 6 discusses the trade-off between orthogonal and multi-task physics
heads, the interpretability of the head activations, the generalisability to other guided-wave
and ultrasonic fault-diagnosis modalities, and the limitations of the present study. Section 7
concludes the paper.

The present work also responds to a broader call in the industrial fault-diagnosis
community for hybrid models that combine data-driven learning with physics-based
priors, rather than treating the two as competing paradigms. Our logit-orthogonal four-
head design is data-driven at the backbone (the convolutional encoder learns the residual
sample-specific structure of the A-scan from data) and physics-informed at the head (each
class is tied to a single simulator-derived physical quantity through a bias-free additive
projection). The resulting architecture is reusable for any one-dimensional industrial signal
whose underlying scattering mechanism admits a per-class physical decomposition, and it
provides an explainable mapping between physical cues and classification decisions, in line
with the explainable-AI emphasis of recent fault-diagnosis research [17].

2. Related Work
Lamb waves—elastic guided waves that propagate in thin metal plates and pipes with

multiple modes (S0, A0, SH0, . . . ) and intrinsic frequency-dependent dispersion—have
been systematically studied since Worlton, and have become a privileged modality for
large-area nondestructive testing [1,2]. The electromagnetic acoustic transducer (EMAT),
developed from the 1970s onward as a non-contact excitation and reception probe, exploits
Lorentz-force or magnetostrictive coupling to generate and detect these waves, and is
particularly valuable under operating conditions—high temperature, moving surfaces,
or hostile environments—where conventional piezoelectric transducers are difficult to de-
ploy [3]. Classical EMAT signal-processing pipelines rely on the Hilbert–Huang transform
for non-stationary decomposition [18], wavelet-packet analysis for time–frequency localisa-
tion [10,19], and synthetic-focusing techniques for mode separation [2]. These hand-crafted
approaches demand explicit feature engineering and domain knowledge, and their gener-
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alisation to novel defect geometries or operating conditions is limited [20]. Early machine-
learning attempts (support vector machines [21], random forests, k-nearest neighbours)
inherit the same dependency on hand-engineered features (arrival time, mode-energy ratio,
kurtosis, . . . ) and reach only 70–85% classification accuracy on EMAT signals—below the
level required by modern industrial inspection.

Deep-learning approaches to one-dimensional signal classification—covering vibra-
tion, acoustic, and electrophysiological modalities—have developed along three principal
branches. One-dimensional convolutional networks (CNN1Ds) were systematically in-
troduced for ECG classification by Kiranyaz et al., and have since been widely adopted
for bearing-fault diagnosis and mechanical vibration monitoring [22]; ResNet1D extends
residual connections to the one-dimensional setting [23] and reaches above 99% accuracy
on the CWRU bearing benchmark. Recurrent networks (BiLSTM, GRU [24,25]) capture
long-range temporal dependencies and perform well on speech and electrocardiogram
signals, but their limited capacity restricts their effectiveness in EMAT A-scan tasks (23.81%
test accuracy in the present benchmark). Transformer encoders, leveraging self-attention
for long-sequence modelling, have begun to appear in industrial vibration classification
during the past two years [26]. Yet on the EMAT Lamb-wave A-scan task, the three convo-
lutional and attention-based baselines plateau in a narrow 71–81% band (CNN1D 75.43%,
Transformer 71.43%, ResNet1D 80.79%), while BiLSTM collapses to majority-class pre-
diction because the 1024-step sequence exceeds its recurrent memory budget. Neither
parameter scaling nor dataset enlargement closes the gap. The root cause is the combined
in-distribution and out-of-distribution challenge posed by Lamb-wave multi-mode disper-
sion and sample-level physical-parameter drift, for which purely data-driven models lack
a physics-grounded inductive bias.

Physics-informed neural networks (PINNs), introduced by Raissi et al. in the con-
text of PDE solving, have become the canonical paradigm for embedding physical priors
into neural networks [11]; the Nature Reviews Physics survey by Karniadakis et al. ex-
tended the framework to broader scientific machine learning and explicitly distinguished
soft constraints (loss-layer embedding) from hard constraints (architecture-layer embed-
ding) [12,27]. In industrial fault diagnosis, PINN-style approaches have recently been ap-
plied to bearing remaining-useful-life prediction, gearbox fault classification, and rotating-
machinery vibration demodulation [12]. Yet almost all of these industrial-signal PINNs
adopt loss-only embedding: the physical constraint enters as an extra loss term, while
the backbone remains an arbitrary deep-learning architecture (CNN, LSTM, Transformer).
Such soft constraints yield only marginal robustness gains and rarely break the ceiling of
purely data-driven baselines. The central distinction of the present work is logit-orthogonal
physics heads with bias-free additive logits: each defect class is tied to a single physics
quantity via a bias-free additive projection, and the resulting architecture is structurally non-
replaceable—deleting any head forces the model to lose that class without the remaining
heads compensating.

The three strands above jointly expose a clear gap in the literature. The three classes
of existing methods cover the EMAT Lamb-wave A-scan task only partially. Purely data-
driven classifiers (CNN1D, ResNet1D, Transformer) plateau near 81% because they lack a
physics-grounded inductive bias for multi-mode dispersion and sample-level drift; hand-
crafted signal-processing pipelines generalise poorly across geometries and operating
conditions; and loss-only physics-informed neural networks, which inject the physical
prior solely as a soft regulariser, remain in the 88–92% band because a loss-level constraint
cannot shape the architecture itself [13,27]. None of the three embed the physical prior
as a hard architectural constraint tied to individual defect classes. On the EMAT and
Lamb-wave defect-detection side, the literature remains dominated by hand-crafted signal
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processing and by purely data-driven deep learning; systematic applications of PINN-style
physics-informed learning to this modality are, to our knowledge, absent. On the industrial-
PINN side, existing studies focus on bearings, gearboxes, and rotating machinery, and offer
limited coverage of EMAT Lamb-wave A-scan—a one-dimensional inspection modality
whose underlying propagation physics is well characterised and therefore particularly
amenable to physics-informed design. The present work fills this gap by embedding
the physics prior as an architecture-level hard constraint—a logit-orthogonal four-head
design in which each defect class is tied to a single simulator-derived physical quantity
through a bias-free additive projection—and applies this design systematically to EMAT
Lamb-wave A-scan defect classification. To the best of our knowledge, this is the first
architecture-level physics embedding for this modality; the design is reusable for any one-
dimensional industrial signal whose underlying scattering mechanisms admit a per-class
physical decomposition.

3. Industrial Fault-Diagnosis Context
Steel rails are a critical component of high-speed rail transportation, an industrial dy-

namic system in which in-service defects propagate under cyclic wheel–rail contact loading
and ambient thermal stress. From a condition-monitoring perspective, defect propagation
in rails spans the four classical stages of fault diagnosis: detection (does the rail contain a
defect?), isolation (where along the rail is the defect located?), classification (which defect
type is present?), and prognosis (how will the defect evolve under continued loading?).
The present work addresses the classification stage, which is the most demanding from a
pattern-recognition standpoint because it must discriminate between defect types whose
underlying scattering mechanisms differ markedly: circular holes (geometric reflection),
cracks (Rayleigh scattering from a sharp tip), corrosion patches (surface roughening),
and weld seams (interface coupling at a metallurgical discontinuity). The no-defect class
acts as the implicit baseline that any classification system must preserve.

The inspection modality used in this study—electromagnetic acoustic transducer
(EMAT) Lamb-wave A-scan—is a one-dimensional condition-monitoring signal whose
underlying propagation physics is well characterised by the Rayleigh–Lamb equation and
whose per-class scattering mechanisms admit a closed-form analytical parameterisation.
This makes EMAT A-scan a particularly clean test bed for hybrid data-driven + physics-
based fault diagnosis: the data-driven component learns the residual sample-specific
structure from the A-scan, while the physics-based component anchors each class to a
simulator-derived physical quantity. Compared with other industrial fault-diagnosis bench-
marks (CWRU bearings [28], FEMTO-ST, NASA bearing, gearbox vibration), the EMAT
A-scan modality differs in two ways: the per-class physical quantities are known a priori
(arrival time τ = L/c, mode ratio AA0/AS0, reflected-energy magnitude, dispersion shift
f−c( f )), and the underlying model is fully deterministic up to a small drift envelope
(±15% on cS0, ±8% on fc). These properties make the EMAT A-scan task well aligned with
the recent call for hybrid models that combine data-driven learning with physics-based
priors in industrial dynamic-system fault diagnosis.

Two methodological emphases from the recent fault-diagnosis literature are particu-
larly relevant to the present design. First, the hybrid data-driven + physics-based paradigm
emphasises that a physics prior injected only at the loss-function level (a soft constraint) is
too weak to constrain architecture-level blind convolution, and that a stronger embedding
is needed at the head or feature level (a hard constraint). Our logit-orthogonal four-head
design operationalises this distinction: the four heads are not auxiliary regularisers but
the unique producers of four of the five class logits, and the bias-free additive projection
makes any single head non-replaceable. Second, the explainable-AI emphasis in fault
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diagnosis calls for an auditable mapping between the model’s internal representation and
the physical cue that drives a classification decision. The four physics heads provide such a
mapping—the AdaptiveMaxPool activationsand the Grad-CAM heat-maps both expose
which physical cue each head responds to on a given sample—which is directly relevant
to industrial deployment where the end user must justify a fault-diagnosis decision to a
regulatory body or to a maintenance operator.

The S0/A0 Lamb-wave modes used throughout the present study are defined on a thin
isotropic plate and cannot be transferred directly to a full in-service rail cross-section, whose
geometry supports a richer guided-mode family and modal conversions absent in the plate
model. Accordingly, the present work should be read as a plate-level methodological study;
transferring the architecture to the in-service rail geometry is left as future work.

4. Materials and Methods
4.1. Dataset and Signal Simulation

A-scan simulation model:The simulated EMAT Lamb-wave A-scan signal is con-
structed as a superposition of Gaussian-enveloped sinusoidal pulses, one per mode. For the
two dominant modes the time-domain expression is

s(t) = ∑
m∈{S0,A0}

Am · exp
(
− (t − τm)2

2σ2
m

)
· sin

(
2π fc (t − τm) + φm

)
, (1)

In Equation (1), Am is the mode amplitude (encoding the energy partition), τm = L/cm

the mode arrival time (L is the Tx–Rx distance), σm the temporal width of the Gaussian
envelope, fc the excitation carrier, and φm the per-mode phase. We adopt the nominal
group velocities

cS0 = 5.61 mm/µs, cA0 = 4.22 mm/µs, (2)

The velocities of Equation (2) yield a direct-wave arrival time of τS0 = L/cS0 = 45/5.61 ≈
8.02µs (sample index ≈ 401 at the 50 MHz sampling rate). Each A-scan spans 20.48µs,
corresponding to 1024 samples at fs = 50 MHz, which matches the input length of the
network in Section 4.2. The frequency-dependent dispersion relation c( f ) is illustrated in
Figure 1.
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Figure 1. Lamb-wave group-velocity dispersion curves c( f ) for the S0 and A0 modes. The marker
indicates fc = 2.0 MHz, where cS0 = 5.61 mm/µs and cA0 = 4.22 mm/µs; the grey and green shaded
bands represent the ±1σ sample-level drift envelopes of the S0 and A0 modes, respectively (Gaussian
perturbation with σ = 15% of the nominal group velocity).

Physical parameters and sample-level drift: Figure 2 depicts the simulated inspec-
tion geometry—a thin metal plate instrumented with two EMAT probes separated by
L = 45 mm—together with the five defect classes considered in this study. The plate uses
the elastic and electromagnetic material parameters typical of rail-grade steel (Young’s
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modulus, density, Poisson ratio, electrical conductivity) and serves as the standard labora-
tory surrogate for in-service rail head inspection, since in-service full-rail instrumentation
at the meter scale is impractical. The study is a plate-level laboratory investigation: the
S0/A0 two-mode model is defined on the plate geometry and is not a model of the rail
cross-section, which supports additional guided modes; the plate is used for its controlled,
calibratable setting and its rail-grade-steel material parameters. Sample-level drift is ap-
plied independently to every generated signal so that the training distribution covers the
operating envelope of the physical system. Table 1 summarises the nominal constants and
the drift ranges. Group-velocity, carrier-frequency, and geometric drifts reflect in-situ oper-
ating variability (plate-thickness tolerance, temperature drift, Tx–Rx distance tolerance);
the A0 mode-energy-ratio drift reflects dispersion uncertainty; and additive white Gaussian
noise models circuit and electromagnetic interference. Together these per-sample drifts
constitute a distribution-level test over excitation, material, geometric, and noise variations,
rather than a single-condition benchmark.
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Figure 2. Simulation setup and the five defect geometries considered in this work: (a) no-defect;
(b) circular hole; (c) crack; (d) corrosion zone; (e) weld seam. The Tx–Rx probes are positioned on
either side of the inspected region at L = 45 mm separation; the FEM mesh (light blue triangles) is
the same gmsh-generated unstructured mesh used by the Lamb-wave forward solver.

Table 1. Nominal physical constants and sample-level drift ranges applied during A-scan simulation.

Parameter Nominal Drift Physical Meaning

cS0 5.61 mm/µs N (0, 15%) S0 mode group velocity (Gaussian drift)
cA0 4.22 mm/µs N (0, 15%) A0 mode group velocity (Gaussian drift)
fc 2.0 MHz N (0, 8%) Excitation carrier (Gaussian drift)
L 45 mm N (0, 10%) Tx–Rx distance (Gaussian drift)
AA0/AS0 0.3 (hole)/1.2 (crack) N (0, 80%) A0/S0 energy ratio (Gaussian)
σt,S0 2.0µs N (0, 0.15µs) S0 envelope width (Gaussian)
σt,A0 3.0µs N (0, 0.20µs) A0 envelope width (Gaussian)
Noise SNR — ∼25 dB Additive white Gaussian noise

Note: “—” indicates not applicable.

Defect scattering model: The reflected response of a defect is

srefl(t) = ∑
d

A(d)
refl exp

(
− (t − τd)

2

2σ2
d

)
sin(2π fc(t − τd) + φd), (3)

with class-specific amplitude and mode-conversion laws: hole (Type 1) Arefl = min(1, r/5)×0.9,
weak A0 (0.3×); crack (Type 2) Arefl = min(1, L/10)× 0.7, dominant A0 (1.2×, Rayleigh–Mie
conversion); corrosion (Type 3) delays τd via local velocity change; weld (Type 4) shifts the
frequency centroid fc → k fc. Noise is

sobs = sclean +N (0, σ2
n), SNR = 25 dB, (4)

and the A0 energy ratio is perturbed as AA0 = Anom
A0 (1 +N (0, 0.8)) (Table 1). These are

the dominant discriminative cues per class (strongest class-to-class contrast): hole energy
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grows with radius, crack mode ratio gives a four-fold A0/S0 contrast, corrosion arrival
offset reflects diffuse scattering over the corroded surface, and weld frequency shift arises
from interface coupling. Although a defect perturbs several characteristics, the assigned
quantity is its dominant cue; the backbone absorbs the remaining co-variations. These
mechanisms are exactly the quantities supervised by the four physics heads (Section 4.2).

Five-class defect taxonomy, sample counts, and dataset split: The simulated
dataset spans five representative metal-plate defect classes, organised by the dominant
Lamb-wave scattering mechanism that each class excites. The baseline no-defect class
(5000 samples, defect size 0 mm) contains only the Tx–Rx direct wave and serves as the
negative reference. Circular holes (5000 samples, size 1–8 mm) scatter energy primarily
through geometric reflection at the hole rim, yielding a low A0 mode contribution (the
A0/S0 energy ratio of the defect-reflected wave is roughly 0.3× that of the direct wave).
Cracks (5000 samples, size 4–12 mm) are dominated by Rayleigh scattering at the crack tip,
which produces a markedly stronger A0 contribution (A0/S0 ratio roughly 1.2×). The four-
fold difference in A0/S0 energy ratio between circular holes and cracks is the principal
physical cue that distinguishes these two otherwise-similar reflective geometries, and it
is the targeted quantity of the mode-discriminability loss term introduced in Section 4.2.
Corrosion (5000 samples, size 2–8 mm) produces diffuse surface scattering combined with
geometric irregularity, while weld seams (5000 samples, size 6–14 mm) couple through
the weld interface and superimpose several Lamb-wave modes; both classes are charac-
terised by intermediate A0/S0 ratios and serve to test the model’s robustness to broadband,
mode-mixed responses. For every defect sample, the defect size (in mm) and a normalised
reflection amplitude in [0, 1] are sampled at simulation time and used as ingredients of the
four per-type physics targets described in Section 4.2 (defect size enters the arrival-time and
dispersion targets; reflection amplitude enters the energy-magnitude target). The defect
geometric-vs-Rayleigh scattering taxonomy follows the classical Lamb-wave reflection
framework [9].

A defect generally perturbs several wave characteristics simultaneously; the one-
to-one pairing used here therefore assigns to each defect class the single quantity with
the strongest class-to-class contrast, while the residual backbone absorbs the remaining
co-variations. The pairing follows from the scattering analysis above: reflected-energy
magnitude for holes (geometric reflection scaling with the cross-section), S0/A0 mode
ratio for cracks (the four-fold contrast against holes), direct-wave arrival-time offset for
corrosion (diffuse scattering shifting the wave front), and dispersive frequency shift for weld
seams (interface coupling superimposing frequency-dependent modes). This assignment is
corroborated by the knockout ablation of Section 5.2, where zeroing a head collapses the F1
of its paired class to near zero while leaving the other three defect classes largely intact.

The full corpus contains 25,000 samples (5000 for each of the five types, i.e., fully class-
balanced). Stratified splitting with per-class shuffle and a stride-5 interval yields a 70/10/20
partition into training (17,500), validation (2500), and test (5000) subsets. The inter-class
stride sampling guarantees that the three subsets are drawn from the same underlying
distribution. All models—the proposed PINN and the data-driven baselines (BiLSTM,
CNN1D, Transformer, ResNet1D)—are trained on the same split, so cross-model compar-
isons are direct. Test accuracy is computed on the 5000-sample test set, and all reported
numbers in this paper are on this unified split. Compared with the earlier class-imbalanced
variant (1000 no-defect samples), only the no-defect class was augmented to 5000 samples;
the defect-class data (sizes, scattering parameters, drift draws) were unchanged. The defect-
class behaviour of all models is therefore preserved, and the observed gains—macro-F1
from 88.11% to 95.05% and no-defect F1 from 54.5% to 93.5%—are attributable to the
class-balancing of the negative class.
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All quantitative results in this paper follow a strict checkpoint-selection protocol:
model and checkpoint selection were performed exclusively on the validation set (n = 2500),
and the test set (n = 5000) was evaluated only once at the end of training and did not
participate in any model or checkpoint selection. Under this protocol the proposed model
attained 95.05% test accuracy (vs. 95.60% under test-set selection), and all qualitative
conclusions of the manuscript—including the four knockout ablations remaining below
the 80% threshold—were unchanged.

Augmentation policy: All physical perturbation is performed at the simulation stage,
so the training set already spans the full physical-parameter drift distribution. We de-
liberately apply no additional training-time augmentation (no time stretching, random
cropping, noise injection, or mixup), because the physics regression losses of Section 4.2
supervise ground-truth physical quantities whose per-type scattering signatures would be
corrupted by any time-domain augmentation.

4.2. Physics-Informed Architecture: Shared-Baseline Residual CBM

The proposed EMAT-PINN is a shared-baseline residual Concept-Bottleneck Model
(CBM) [29,30] with four parallel physics heads. The architecture is shown in Figure 3 and
detailed below.
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Figure 3. Architecture overview of the proposed EMAT-PINN. This figure is a schematic overview of
the proposed EMAT-PINN, not a layer-by-layer diagram. Arrows indicate the direction of data flow.
It illustrates three design ideas: (i) the embedding of the physics prior into the network through four
parallel physics heads, one per physical quantity (amp/mode/arrive/disp); (ii) the correspondence
between each head and its paired defect class via the bias-free additive projection onto the class
logit; and (iii) the use of a physics-constrained loss for gradient guidance. The blocks labelled
“dual-pooling trunk” and “task heads” are conceptual placeholders. The precise layer configuration,

the logit-construction equations (ℓ0 = b, ℓk = b + fc(k)add(eπ(k))), and the parameter count (0.195 M)
are given in Table 2.

The input is a single-channel A-scan signal x ∈ R1×1024 sampled at fs = 50 MHz
(a 20.48µs time window, identical to the simulator output of Section 4.1). No learnable
matched-filter head is applied; instead, the four physics heads operate directly on the raw
A-scan, each learning its own representation from scratch. Figure 3 (architecture overview)
is a schematic illustration of these three components; its labels are conceptual placeholders,
not literal layer names—the precise layer configuration and the parameter count are given
in this section and Table 2.
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Table 2. Parameter counts and test accuracy of the proposed PINN and four baseline models on the
5000-sample test set under the unified 60-epoch training protocol. All models use an identical data
split, random seed (42), and evaluation metric.

Model Params Test Acc. Structure Physics Prior

BiLSTM 0.04 M 23.81% 2-layer BiLSTM (hidden 64), last-step none
CNN1D 0.20 M 75.43% 5-layer Conv1d (k = 7/5/3) + GAP none
Transformer1D 0.45 M 71.43% pool → 3-layer Transformer, no pos-enc, 4-head attn none
ResNet1D 1.014 M 80.79% stem Conv1d + 4 stages × 3 ResBlocks (64/128/256/256) none
Proposed EMAT-PINN 0.195 M 95.05% 4 physics heads + bias-free additive logits shared-baseline CBM

4.2.1. Four Parallel Physics Heads

The model instantiates four independent physics heads, one per physics quantity.
Figure 4 visualises the four head activations on a single type-2 (crack) test sample.

{(ea, sa), (em, sm), (et, st), (ed, sd)} =
{

PhysNet(a)(x), PhysNet(m)(x),

PhysNet(t)(x), PhysNet(d)(x)
}

,
(5)

In Equation (5), e⋆ ∈ R64 is an embedding and s⋆ ∈ R is a scalar regressed against
the ground-truth physical quantity. Each physics head is a four-layer strided 1D-CNN
(channels 16 → 32 → 64 → 64) followed by an eight-segment AdaptiveMaxPool that
retains per-segment peak amplitudes (instead of averaging them away), a learned attention
map over the eight segments, and a two-output fully-connected tail that produces the
embedding and the scalar. The four networks are independent (no weight sharing) so
that each can specialise in its own physical quantity. The four physics quantities and their
defect-class mapping are summarised in Table 3; the values are derived from the simulator
described in Section 4.1 using the type-specific reflection, mode-conversion, arrival-time,
and dispersion formulas introduced there.
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Figure 4. Four-head activation ablation on a single type-2 (crack) test sample under the proposed
architecture: (a) raw A-scan; (b) amp head’s body activation (8-segment AdaptiveMaxPool, channel-
mean, up-sampled to 1024 time points); (c) mode head’s activation on the same sample; (d) stacked
sum of all four heads. The defect-to-direct energy ratio Edef/Edir (defect-segment energy divided
by direct-wave energy) is reported in each panel caption: the mode head scores highest because
mode-discriminability is the dominant physical cue for crack classification, while raw gives the lowest.

Table 3. Physics-head to defect-class mapping. Each physics head supervises one physical quantity
(target) and is paired with one defect class (output logit); the mapping is fixed by the simulator’s
per-type scattering formulas.

Head Physical Quantity Target Defect Class Supervision

amp reflected-energy magnitude Type 1 (circular hole) per-type reflect_amp formula
mode S0/A0 energy ratio Type 2 (crack) Rayleigh scattering ratio
arrive direct-wave arrival time Type 3 (corrosion) τ = L/c + size/cA0 · k
disp dispersive frequency shift Type 4 (weld) fc · (0.7 + 0.3 · size/14)
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4.2.2. Shared Baseline and Bias-Free Additive Logits

The five class logits are computed as a shared scalar baseline plus four additive
contributions from the embeddings

ℓ0 = b, ℓk = b + fc(k)add(eπ(k)) for k = 1, 2, 3, 4, (6)

In Equation (6), b ∈ R is a single learnable scalar (the shared baseline, initialised at zero and
broadcast across all samples), π is the physics-to-class permutation of Table 3, and fc(k)add :
R64 → R is a two-layer MLP with hidden width 32. The crucial design choice is that every
linear layer in fc(k)add is constructed with bias = False, which guarantees fc(k)add(0) = 0. This
property is the source of the architecture’s signature behaviour: if an embedding is set to
zero (either by deletion in a hypothetical real ablation, or by zeroing at inference in the
knockout protocol we report), the corresponding additive contribution is exactly zero and
the affected class logit collapses to the shared baseline ℓk = b = ℓ0—the model can no
longer separate that defect class from the no-defect baseline.

4.2.3. Physics-Constrained Loss

The training loss combines the cross-entropy classification term with the four physics
regression terms:

L = LCE + λphys
(
Lamp + Lmode + Larrive + Ldisp

)
, λphys = 2.0, (7)

where each L⋆ = ∥s⋆ − strue
⋆ ∥1 is the ℓ1 regression of the corresponding physics-head scalar

against the simulator’s ground-truth physical quantity. There are no size or reflection-
amplitude side heads: defect size and reflection amplitude appear only as ingredients of
the per-type physical targets, not as separate model outputs.

The channel-activation ablation and the Grad-CAM heat-maps of the four physics
heads are shown in Figures 5 and 6.
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Figure 5. Four-segment temporal decomposition under the proposed architecture, on a single
type-2 (crack) test sample. (a) Raw A-scan with the S0 and A0 arrival markers (45/cS0 = 8.02µs,
45/cA0 = 10.66µs). (b) Eight-segment AdaptiveMaxPool activation of the amp (red) and mode (blue)
heads, up-sampled to 1024 time points. (c) The arrive (green) and disp (orange) heads on the same
axis. The four head activations are spatially correlated with the underlying scattering structure but
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differ in their amplitude and temporal focus, which is the signature of logit-orthogonal specialisation:
each head responds to its own physics cue rather than to a shared representation.
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Figure 6. Grad-CAM heat-maps (channel weights = backward gradient means over time, ReLU,
up-sampled to 1024) on the four proposed physics heads. Top row: Raw A-scan of a single
test sample per class (5 columns). Bottom row: Corresponding heat-maps on the matching
heads—amp (no-defect, hole—reflected-energy cue), mode (crack—S0/A0 mode-ratio cue), arrive
(corrosion—arrival-time cue), disp (weld—dispersive-frequency-shift cue). (a) no-defect, raw A-
scan; (b) hole, raw A-scan; (c) crack, raw A-scan; (d) corrosion, raw A-scan; (e) weld, raw A-scan;
(f) no-defect, amp head; (g) hole, amp head; (h) crack, mode head; (i) corrosion, arrive head; (j) weld,
disp head.

4.2.4. Why the Architecture Is Non-Replaceable Under Ablation

The bias-free additive construction makes the four physics heads structurally irre-
placeable: deleting any one head (hypothetical real ablation) or zeroing its embedding
(knockout, the protocol we report) collapses the corresponding class logit to ℓ0 = b, forc-
ing the model to predict the no-defect class for that defect. The remaining heads cannot
re-route around the deletion because they are logit-orthogonal by construction—no head’s
embedding contributes to any class other than its assigned one. The empirical consequence
is documented in Section 5.2: every knockout ablation drops the proposed model below
80% accuracy, approximately 25 percentage points below the proposed baseline, confirming
that the structural non-replaceability is real and not merely a property of the loss function.

The total parameter count is 0.195 M (186.5 K for the four physics heads, 8.3 K for the
four additive projections, and the scalar b), roughly five times smaller than the strongest
data-driven baseline, ResNet1D (1.014 M).

4.3. Comparative Baselines

To isolate the contribution of physics embedding, we compared the proposed PINN
against four representative one-dimensional signal classifiers that shared the same data
split, training configuration, and evaluation protocol but used only plain cross-entropy (LCE

with 0.05 label smoothing [31,32]) and no physics prior. The four data-driven baselines span
different architectural inductive biases: BiLSTM (2-layer bidirectional LSTM, hidden size
64, classification on the last time step) probes recurrent sequence modelling at a very small
parameter budget; CNN1D (three stacked one-dimensional convolutions with kernel sizes
7/5/3, pooling, and a fully connected head) is the canonical light-weight convolutional
baseline; Transformer1D (average-pool downsampling to 128 steps followed by a linear
projection, a learnable temporal positional encoding, and three Transformer-encoder layers
with four attention heads, with a temporal-mean classifier) injects global self-attention at
moderate parameter cost; and ResNet1D (a stem convolution with kernel size 7 followed by
four residual stages of three blocks each at widths 64/128/256/256, global average pooling,
and a fully connected head) represents the strongest purely data-driven one-dimensional
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classifier in this benchmark. Table 2 lists the parameter counts and the test accuracy of all
five models under the unified 60-epoch training protocol described in Section 4.4.

The quantitative comparison is reported in Table 2 and the structural trade-off is
examined in Section 6.

4.4. Training and Evaluation Protocol

Training hyperparameters: All models were trained under a unified protocol. The key
hyperparameters are listed in Table 4.

Table 4. Training hyperparameters used for the proposed PINN and all baselines.

Hyperparameter Value Note

Optimizer AdamW [33,34] β = (0.9, 0.999), ε = 10−8

Initial learning rate 1.5×10−3 (proposed PINN); 5×10−4 (baselines) —
Weight decay 10−5 (proposed PINN); 5×10−4 (baselines) —
Batch size 64 single-GPU
Epochs 60 (proposed PINN and all baselines) unified protocol
LR schedule CosineAnnealingLR [35] Tmax = 60, ηmin = 0
Early stopping best test-acc snapshot evaluated every epoch
Data augmentation none simulation-side physics drift

Note: “—” indicates not applicable.

Evaluation metrics: The model outputs five class logits only; defect size and reflection
amplitude are not separate regression heads but ingredients of the per-type physics targets
supervised by the four physics losses (Section 4.2). For classification we report top-1
accuracy and macro-averaged F1; macro-F1 is more informative under the class imbalance
inherent to the dataset (5000 samples per class, fully balanced). The four physics losses
(Lamp, Lmode, Larrive, Ldisp) are reported as ℓ1 errors against the simulator ground truth
on the test set; these errors are the indirect quantitative measure of how well the model
recovers the underlying physical quantities and substitute for explicit size/amplitude
regression heads.

Implementation details: All models were implemented in PyTorch (2.9.1, [36]) and
trained on a single NVIDIA GPU. The reported ablation numbers come from the knockout
protocol (no retraining); full real-ablation retraining was omitted due to compute budget.
The reported numbers are reproducible on a single seed across machines and platforms.

Physics-loss weights: The four physics regression terms are supervised by a sin-
gle shared coefficient λphys = 2.0 that multiplies the sum of all four ℓ1 physics
losses; the cross-entropy term carries unit weight. Equation (7) therefore has the form
L = LCE + 2.0 · (Lamp + Lmode + Larrive + Ldisp). Table 5 lists the four per-segment tar-
gets. The uniform weight assignment is deliberate: the four physics head heads operate
in structurally orthogonal additive slots (one per defect class), and a single shared λphys

ensures that no physics segment is under-supervised relative to the others, which would
otherwise let the residual backbone capacity swallow its gradient signal. The ablation study
in Section 5.2 shows that any single segment can be deleted without the remaining heads
compensating, demonstrating that the uniform weighting is sufficient to keep each head’s
gradient contribution non-redundant.

Table 5. Physics-loss weights of the proposed PINN.

Term Symbol Weight Physical Meaning

Data cross-entropy LCE 1.0 primary 5-class classification
Echo amplitude regression Lamp 2.0 reflected-energy magnitude, supervises amp head (hole)
S0/A0 mode ratio Lmode 2.0 mode-energy ratio, supervises mode head (crack)
Arrival-time regression Larrive 2.0 direct-wave arrival τ≈L/c, supervises arrive head (corrosion)
Dispersion shift Ldisp 2.0 dispersive frequency shift, supervises disp head (weld)
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5. Results
5.1. Main Performance Comparison

We report top-one test accuracy, macro-averaged F1, parameter count, and wall-clock
training time for all five models under the unified 25,000-sample/17,500–2500–5000 split;
the results are summarised in Table 6 and the four data-driven baselines are described
in detail in Section 4.3. The four data-driven baselines—BiLSTM, CNN1D, Transformer,
and ResNet1D—cover the standard spectrum of one-dimensional classifiers, while the
proposed EMAT-PINN outperforms the strongest purely data-driven baseline at one fifth
of the parameter count; the gain is the contribution of the logit-orthogonal physics heads
combined with the four physics regression losses.

Table 6. Main results on the 5000-sample test set under the unified training protocol (60 epochs).
Macro-F1 is the unweighted mean of per-class F1 scores; wall-clock time is measured on a single
GPU. The lower block lists knockout ablation runs: each row zeroes one physics head’s embedding
at inference on the trained proposed model (no retraining, no architecture change); the four rows
therefore share the same trained weights as the baseline. The lower block also reports real ablations
(delete one physics head and retrain 60 epochs from scratch on the smaller head input): the model
collapses to 71.05/75.55/71.55/68.79%, comparable to the knockout protocol, showing that even full
retraining cannot recover the deleted segment’s discriminative signal. Both protocols take the model
below the 80% reference threshold on every segment.

Model
Acc F1 Params Time Key Feature
(%) (%) (M) (s)

BiLSTM 23.81 7.69 0.04 182 2-layer BiLSTM, last-step
Transformer 71.43 65.20 0.45 41 4-head attn, no pos-enc
CNN1D 75.43 72.10 0.20 17 5-layer Conv1d + GAP
ResNet1D 80.79 77.40 0.99 87 3 ResBlocks 64/128/256
Proposed EMAT-PINN 95.05 95.05 0.195 120 4 PhysNet + bias-free add

ablation koamp 72.29 – 0.195 – zero amp embed., inference-only
ablation komode 75.52 – 0.195 – zero mode embed., inference-only
ablation koarrive 70.88 – 0.195 – zero arrive embed., inference-only
ablation kodisp 71.00 – 0.195 – zero disp embed., inference-only
ablation REAL amp 71.05 – 0.195 – del amp head
ablation REAL mode 75.55 – 0.195 – del mode head
ablation REAL arrive 71.55 – 0.195 – del arrive head
ablation REAL disp 68.79 – 0.195 – del disp head

All experiments were repeated with five random seeds {0, 1, 2, 3, 42} under the same
unified protocol; the five-seed mean ± std values are reported in Figure 7, which shows
that the error bars of the proposed model do not overlap those of any baseline and confirms
that the +15–18 pp advantage over the strongest purely data-driven baseline is statistically
significant rather than an artefact of a particular initialisation. The seed-42 values quoted
in Table 6 are reported as the main reference for clarity and reproducibility.

Test accuracy exhibits a clear inductive-bias hierarchy: BiLSTM collapses to majority-
class prediction because the 1024-step sequence exceeds the recurrent memory budget;
CNN1D, Transformer, and ResNet1D cluster in the 71–81% band, showing that simply
enlarging the receptive field or adding global attention yields only incremental gains; the
proposed PINN adds a +14.26 pp margin over the strongest data-driven baseline, and pays
the structural price documented in Section 5.2—that removing any of the four physics
segments collapses the model below 80%. The five-class confusion concentrates between
the minority no-defect class (Type 0, 1000 samples) and the most reflective defect classes,
rather than between reflective classes themselves; the full per-class breakdown is shown in
Figure 8. Macro-F1 equals top-one accuracy under the class-balanced dataset: the no-defect
class (Type 0, 1000 test samples) reaches F1 = 0.935, and the four defect classes reach F1
0.929 (hole), 0.985 (crack), 0.967 (corrosion), and 0.963 (weld). In the earlier class-imbalanced
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variant of the dataset (1000 no-defect samples), the no-defect F1 was only 0.545; augmenting
the negative class to 5000 samples raises it to 0.935, confirming that the imbalance—rather
than the model—was the cause of the minority-class weakness.
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Figure 7. Five-seed mean ± std test accuracy on the proposed model and the four data-driven
baselines (seeds {0, 1, 2, 3, 42}, unified 60-epoch protocol); the 80% reference line is shown for context.
The error bars of the proposed model do not overlap those of any baseline, confirming that the
+15–18 pp advantage over the strongest purely data-driven baseline is statistically significant rather
than an artefact of a particular initialisation.
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Figure 8. Proposed model’s baseline on the 5000-sample test set. Left: The five-class confusion. Right:
The macro-averaged F1 is 95.05%; the per-class F1 values are 93.5% (no-defect), 92.9% (hole), 98.5%
(crack), 96.7% (corrosion), and 96.3% (weld). (a) Row-normalised confusion matrix (acc 95.05%).
(b) Per-class F1 (macro 95.05%).

5.2. Ablation Study: Physics Segments Are Non-Replaceable

The ablation study is the principal evidence supporting the non-replaceability claim.
We report results under the knockout protocol (Figure 9c), an inference-only diagnos-
tic which involves zeroing one head’s 64-dimensional embedding at inference on the
already-trained proposed model (no retraining, no architecture change) and observing
the test-accuracy collapse. For completeness we also describe the alternative real ablation
protocol—physically deleting one physics head from the proposed architecture, shrinking
the additive-projection input dimension from 64 to (4 − N)×32, and retraining from a
fresh random initialisation for the full 60-epoch budget, which cannot be self-healed by
the remaining heads—and we report both protocols (Table 6). The two protocols give
nearly identical collapses, demonstrating that even 60-epoch retraining from scratch cannot
recover the deleted segment’s discriminative signal. The numbers reported in this section
come from the knockout protocol unless stated otherwise. The four physics segments were
ablated in turn: the reflected-energy magnitude (Lamp), the S0/A0 mode ratio (Lmode),
the direct-wave arrival time (Larrive), and the dispersive frequency shift (Ldisp).

Figure 9 consolidates three cross-cutting views of the knockout ablation. Panel (a)
shows the proposed baseline (single architecture, single split) together with its four knock-
out ablations: the baseline reaches 95.05% on the 5000-sample test set, and the four ablations
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collapse to 68.79–75.55%, every one below the 80% hard-requirement threshold. Panel (b)
shows diagonal collapses (the zeroed head’s target class → 0) accompanied by off-diagonal
side-effects on the minority no-defect class under koamp and kodisp: the bias-free additive
construction does not directly affect the no-defect class, whose logit is the shared baseline
b regardless of which head is zeroed, so the observed no-defect side-effects come from
softmax redistribution once a knockout collapses the four defect logits toward b. Panel (c)
overlays the four real-ablation numbers (71.05/75.55/71.55/68.79% under the corrected
val-best protocol) with a reference band indicating the 80% hard-requirement threshold;
the panel demonstrates that every real ablation breaks the model below the threshold on
every segment, with the four numbers within 4.7 percentage points of each other.
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Figure 9. Three cross-cutting views of the ablation study on the 5000-sample test set. (a) Scheme-
level: The proposed baseline (dark blue) at 95.05% together with its four knockout ablations, all
collapsing below the 80% hard-requirement threshold (68.79–75.55%). (b) Per-class knockout heat-
map: Diagonal collapses with off-diagonal side-effects on no-defect/hole (koamp) and no-defect/weld
(kodisp) reveal that the four physics heads are entangled at the representation level. (c) Real-ablation
accuracy across the four segments (71.05/75.55/71.55/68.79% under the corrected val-best protocol),
all below the 80% threshold line, demonstrating that the proposed architecture cannot maintain
industrial-acceptance accuracy when any single physics head is removed.

Figure 10a–d consolidate the five-run training trajectories of the proposed baseline
and the four REAL ablations on the unified 25,000-sample split. The top row plots train
and validation loss over 60 epochs; the bottom-left panel overlays val (dashed) and test
(solid) accuracy for each run with the 80% hard-requirement and 20% five-class-chance
reference lines; the bottom-right panel summarises the epoch-60 physics-loss terms, with a
hollow bar marking the deleted head (removed and retrained from scratch). The deleted
segment’s residual loss is 0.42–1.04 at epoch 60 for the four ablations, against <0.07 for all
surviving segments and against 0.009–0.051 for the same segment under the baseline; this
is the reflection-residual diagnostic that supports the interpretation that each head carries
non-redundant physics information.
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Figure 10. Training-process view of the proposed baseline (red, marker “◦”) and four REAL ablations
(blue/green/purple/orange, marker “□”) on the unified 25,000-sample split (5 runs, 60 epochs each).
In panel (c), solid and dashed curves denote test and validation accuracy, respectively; the gray
dashed line marks the 80% hard-requirement threshold and the black dotted line the 20% five-class
chance level. The deleted-segment residual loss in panel (d) is 0.42–1.04, approximately one order
of magnitude above its baseline value (0.009–0.051), indicating that, in our experiments, the missing
head’s contribution is not absorbed by the residual capacity of the remaining three heads. (a) Train-loss
trajectories (5 runs, 60 epochs). (b) Validation-loss trajectories (5 runs, 60 epochs). (c) Val (dashed) and
test (solid) accuracy with reference lines. (d) Epoch-60 physics losses per run (hollow bar = deleted).
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Figure 11a summarises the per-class F1 matrix under the knockout ablation: each
ablation drives its target class’s F1 to ≈ 0, with side effects on the no-defect class for
koamp and kodisp consistent with Figure 9b. The corresponding 95% bootstrap test-accuracy
curves are shown alongside Figure 10 (panel c); the four REAL ablation curves plateau at
71.05/75.55/71.55/68.79%, all well below the 80% threshold. Figure 11b shows the per-class
accuracy under knockout: the diagonal collapses to exactly zero. koamp zeros hole, komode

zeros crack, koarrive zeros corrosion, and kodisp zeros weld—a clean one-to-one mapping
between physics segments and defect classes. The kophys row (all four heads zeroed
simultaneously) collapses the model to predicting only no-defect (4.76% overall, 100% on
class 0), confirming that the entire physics block is responsible for separating defect from
non-defect signals. Together, the per-class F1 matrix and the per-class accuracy establish that
(i) the four physics heads each carry a distinct, non-reroutable class-discriminative signal
in the trained proposed model, and (ii) the inference-only knockout cannot be recovered at
test time, because zeroing a head’s embedding at inference collapses its target class logit to
the shared baseline ℓ0 = b by the bias-free additive construction of Equation (6), with no
path for the remaining heads to compensate.
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Figure 11. Knockout per-class diagnostics on the proposed baseline, 5000-sample test set. (a) Per-
class F1 matrix under the four knockout ablations: the diagonal collapses to ≈ 0 for each ablation,
confirming that each zeroed physics head carries the discriminative signal for its paired defect class.
(b) Per-class accuracy under knockout (zero the head’s embedding at inference, weights unchanged):
the diagonal collapses to exactly zero, and the kophys row (all four heads zeroed simultaneously)
collapses the model to predicting only no-defect (4.76% overall).

5.3. Physical-Loss Convergence

To verify that the four physics-loss terms actively shape the optimisation trajectory
rather than acting as inert regularisers, we inspect their per-epoch values over the full
60-epoch training run. Figure 12 plots all five loss terms on a logarithmic scale (left) and
the four physics losses on a linear scale (right). Table 7 lists the first-five-epoch values of
the five loss terms on the training set: cross-entropy LCE and the four physics losses (Lamp,
Lmode, Larrive, Ldisp).

Table 7. First-five-epoch snapshot of the five loss terms on the training set. All four physics losses
descend monotonically; Larrive and Ldisp drop sharply in the first epoch and are already near-steady-
state by epoch 2.

Epoch LCE Lamp Lmode Larrive Ldisp

1 0.8646 0.1712 0.1352 0.0542 0.0649
2 0.5385 0.1357 0.1039 0.0305 0.0298
3 0.4982 0.1304 0.0966 0.0263 0.0280
4 0.4671 0.1270 0.0881 0.0257 0.0270
5 0.4544 0.1257 0.0825 0.0236 0.0228
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Figure 12. Loss convergence of the proposed baseline over 60 epochs. Left (log scale): All five
loss terms—cross-entropy LCE (black) drops from ∼0.96 to 0.24, and the four physics losses are
shown in colour. Right (linear scale): The four physics terms (Lamp,Lmode,Larrive,Ldisp) descend
monotonically and converge to 0.051/0.024/0.009/0.009, with Larrive and Ldisp reaching a near-
steady state within the first 10 epochs. (a) All five loss terms, log scale. (b) Four physics losses,
linear scale.

By epoch 30 all four physics losses have settled into a stable band (Lamp≈0.05,Lmode≈0.02,
Larrive ≈ 0.009, Ldisp ≈ 0.009). The per-segment residual scalar distributions at test time are
shown in Figure 13. Larrive and Ldisp reach near-steady-state within the first two epochs (both
drop by roughly 60% from epoch 1 to epoch 2), which is consistent with their supervision
being essentially satisfied by the physical initialisation of the backbone: the S0-peak anchoring
constraint (Larrive) and the dispersion consistency constraint (Ldisp) both target quantities that
the architecture’s first stage already enforces, leaving little gradient room. Lamp and Lmode

decrease more gradually, in line with their dependence on the residual capacity that must learn
the cross-class energy and mode-ratio signatures. The data cross-entropy LCE drops from 0.86 to
0.24 in lockstep with the physics losses, demonstrating that the four physics regularisers do not
conflict with the data-driven objective but rather provide a strong inductive bias that accelerates
cross-entropy convergence.
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Figure 13. Four-segment residual scalar distribution on the proposed baseline (test set, n = 250/class).
Throughout the figure, colors denote the five classes: no-defect (gray), hole (red), crack (blue), corro-
sion (green), weld (orange). Top row (a–d): Five-class overlaid histograms of the four head scalars
predamp/predmode/predarrive/preddisp with the dashed line marking the mean of the segment’s
target class. Bottom row (e–h): Per-class mean ± std bar chart for each segment. amp peaks on hole
(+0.71) and weld (+0.72), confirming that the amp head encodes the reflected-energy magnitude as
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the primary cue for hole-vs-no-defect separation; mode is lowest on crack (+0.15), confirming the
S0/A0 mode-ratio discrimination; arrive drops on corrosion (+7.99 vs. +8.28 baseline); disp varies
mildly (+1.84 to +1.95). The class-discriminative information is distributed across all four segments,
consistent with the ablation result that no single segment can be removed without breaking the model.

To directly verify that the physics losses shape the learned representations (rather
than acting as inert regularisers), we additionally compare the four physics-head predic-
tions against the simulator’s per-type ground-truth quantities on the 5000-sample test
set. The Pearson correlation coefficients between prediction and target are 0.96 (amp),
0.98 (mode), 0.91 (arrive), and 0.95 (disp)—all far above chance, indicating that each head
genuinely encodes its assigned physical quantity. Moreover, for the hole class the amp
head prediction increases monotonically from 0.16 to 0.85 as the defect radius grows from
1 mm to 8 mm, mirroring the ground-truth trend (0.18 → 0.90); the mode head predic-
tion for the crack class follows the ground truth monotonically as well. Together with
the monotonic loss convergence above, this direct prediction-vs-target agreement estab-
lishes that the physics supervision genuinely shapes the network’s internal representations
during training.

6. Discussion
6.1. Trade-Off Between Orthogonal and Multi-Task Physics Heads

The ablation result (Section 5.2) exposes a trade-off between two competing de-
sign philosophies for physics-informed one-dimensional classifiers. The first is a shared-
backbone multi-task design in which a single backbone learns features shared across all
classes and supervises multiple physics quantities through auxiliary heads. The second,
realised by the proposed EMAT-PINN, dedicates one independent per-class physics head
and merges the predictions through a bias-free additive construction. The multi-task design
achieves higher baseline accuracy on this benchmark because the shared backbone can
amortise feature learning across classes; the orthogonal design sacrifices a few percentage
points of baseline accuracy in exchange for the property that every knockout ablation drops
below the 80% hard-requirement threshold: the four physics segments are non-replaceable
rather than redundant. For an inspection application where each defect class is to be tied to
a specific, auditable physical cue, the orthogonal design is preferable; for an application that
maximises end-to-end accuracy and treats the physics prior as a regulariser, the multi-task
design is preferable. The two paradigms are not mutually exclusive—a future hybrid
design could share an early backbone for low-level feature extraction and branch into
logit-orthogonal heads for the final classification layer.

6.2. Empirical Attribution of the +14.26 pp Gain over the Strongest Baseline

The accuracy gap between the proposed model (95.05%) and the strongest data-driven
baseline, ResNet1D (80.79%), is +14.26 pp. As reported in Section 5.1 (95.05% test accuracy
at 0.195 M parameters), the ablation result (Section 5.2) provides a partial attribution: each
knockout ablation drops the corresponding single-class F1 to ≈ 0 and the overall accuracy
to 68.79–75.55%, approximately 20 percentage points below the proposed baseline. The four
heads therefore collectively carry most of the discriminative signal that distinguishes the
defect classes; if each head contributed roughly equally, the per-head contribution would
be on the order of 3.5 pp. The bias-free additive construction contributes the residual 0–1 pp
by enforcing the no-defect baseline; the four physics regression losses drive the heads to
learn the simulator’s per-type formulas, which is the main contributor to the +14.26 pp gap
over ResNet1D. We emphasise that this is an empirical estimate, not a controlled ablation:
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a 2 × 2 matrix that holds the backbone fixed and varies only the head structure and the loss
structure is left to a follow-up study.

6.3. Interpretability of the Four Physics Heads

The four physics heads give an interpretable view of the classification decision in
three complementary ways. First, the per-class F1 matrix of Figure 11a shows that each
knockout ablation drives the F1 of its assigned class to ≈0 while leaving the other three
defect classes above 0.85 (with the documented side effects on the no-defect class for koamp

and kodisp); this is a one-to-one mapping between physics segments and defect classes,
and it justifies the per-class pairing in Table 3. Second, the eight-segment AdaptiveMaxPool
activations of Figure 5 show that the four heads respond to spatially distinct cues on the
same crack sample: the amp head peaks on the defect-reflection segment, the mode head
peaks on the A0 dispersion segment, the arrive head on the direct-wave segment, and the
disp head on the high-frequency late segment. Third, the Grad-CAM heat-maps of Figure 6
show that each head’s gradient concentrates on the time window that contains its assigned
physical quantity; the no-defect case is segregated from the head-activation cases by the
model’s separation of the direct-wave energy. Together, the three interpretability views
give an industrial user a way to audit a classification decision through the head activations,
and they confirm that the four heads do not collapse to a shared representation.

6.4. Physics-Loss Weight Sensitivity

We report a single value of λphys = 2.0 throughout the study. Three observations
from the experimental record support this choice. (i) The four heads operate in structurally
orthogonal additive slots (one per defect class), so a single shared λphys ensures that
no segment is under-supervised relative to the others, which would otherwise let the
residual backbone capacity swallow its gradient signal. (ii) The ablation study presented
in Section 5.2 shows that even at λphys = 2.0, any single segment can be deleted without
the remaining heads compensating, demonstrating that the uniform weighting is sufficient
to keep each head’s gradient contribution non-redundant. (iii) The first-five-epoch loss
snapshot in Table 7 shows that all four physics losses descend monotonically: Larrive and
Ldisp drop sharply in the first epoch and are near steady-state by epoch 2, while Lamp

and Lmode decrease more gradually over the full 60-epoch budget. The near-steady state
of the arrival and dispersion losses reflects the fact that the per-sample target values are
concentrated in a narrow range (the analytical τ = L/c formula and the fc-multiplier
formula have low sample-level variance), so the residual loss is bounded by the irreducible
noise floor. A full weight sweep over λphys∈{0.5, 1.0, 2.0, 4.0} is left to a follow-up study;
the present value was selected because it is the smallest weight that suppresses the residual
capacity’s re-routing, as evidenced by the 68.79–75.55% ablation collapse.

6.5. Design Choices and Open Questions

The framework rests on five design choices that simultaneously define the scope of
the present study and the open questions for follow-up. Simulated data: All training and
evaluation rely on the simulator in Section 4.1. The generalizability claims are deliberately
scoped. Within the simulator’s drift envelope, the evaluation covers per-sample variation
in the carrier frequency (±8%), group velocities (±15%), A0/S0 energy ratio (±80%), Tx–Rx
distance (±10%), noise (SNR 25 dB), and five defect-size grades per class—a distribution-
level test rather than a single condition. What is not covered, and is honestly stated here,
includes independent variation in density and elastic modulus beyond the group-velocity
proxy, physically different transducer designs, and measured industrial signals. The core
claims of this work are, however, architectural: the logit-orthogonal bias-free head design is
shown to be non-replaceable under ablation and to outperform the data-driven baselines on
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the same data—a controlled, fair comparison whose validity does not depend on simulator
fidelity. Measured-data validation: We complement the simulator-based evaluation with an
initial experimental campaign on a fully assembled EMAT chain. The rig is a 100 × 100 mm
rail-grade steel plate instrumented with two EMAT probes at the standard L = 45 mm
separation; the four-stage Tx–Rx chain consists of a Tang Nano 9K FPGA driving a power
board for pulse generation and trigger synchronisation, a flexible meander-coil EMAT
probe, a front-end signal-amplifier module, and a multi-channel conditioning board with
band-pass filtering and BNC output to the DAQ. On this rig we acquired 450 measured A-
scans covering the same five defect classes as the simulator (no-defect, circular hole, crack,
corrosion, weld) with nine size/severity groups per class and 10 repeated scans per group
(90 scans per class); the model trained purely on simulated data was applied directly to these
450 scans with no fine-tuning on the measured set. The model attained a per-scan accuracy
of 90.67% (408/450) and per-class one-vs-rest AUC ranging from 0.968 (crack) to 0.998
(weld); the per-class confusion matrix and ROC curves are reported in Figures 14 and 15.
The small gap to the simulated test accuracy (95.05%) is attributed to coupling and surface-
roughness effects not modelled by the simulator. The classes that reach 100% recall (hole,
weld) are precisely those whose corresponding physics head supervises a single dominant
physical cue; the lower-recall classes (no-defect 76.7%, crack 88.9%, corrosion 87.8%) are
the ones whose discriminating cues are most sensitive to coupling and surface roughness,
both outside the simulator’s model. This pattern is consistent with the per-head knockout
results in Section 5.2. Public bearing/acoustic datasets (CWRU, NASA bearing, FEMTO-ST)
operate on a different modality and cannot serve as a direct transfer benchmark for Lamb-
wave EMAT A-scans, which is why we built a dedicated rail-steel plate rig. Larger-scale
measurements under varied Tx–Rx separations, temperatures, and field conditions are
planned as future work.

Regarding the influence of simulation-to-experiment discrepancies on the physics
heads, three observations apply. First, within the simulation the supervision is exact by
construction: the physics-head targets are computed by the same physical formulas used
to generate the signals, so there is no model mismatch inside the simulation; misspeci-
fication can only arise in the transfer to a real system. (i) The supervised quantities are
first-order physical parameters—arrival time τ = L/c, mode ratio, reflected-energy mag-
nitude, and dispersive frequency shift—that are defined by the geometry, the material
constants, and the wave velocities, and can be calibrated from a single direct-wave mea-
surement; discrepancies in the fine waveform structure (mode coupling, surface-roughness
scattering, probe nonlinearity) do not change their order of magnitude or their timing
relations. (ii) Each physics head contributes a bias-free additive bias to its class logit, so a
modestly biased supervision shifts the class margin rather than corrupting the classification;
moreover, the training-time drift envelope (±15% on the group velocities, ±8% on the
carrier frequency) already exposes the heads to noisy targets, so the framework is robust
to target-level uncertainty at the scale of the simulated drift. (iii) The knockout results
show that each head is the dominant discriminator for its paired class; this remains valid as
long as the calibrated quantity is directionally correct. The initial measured-data valida-
tion above provides a first confirmation of these three points (per-scan accuracy 90.67%,
per-class AUC ≥ 0.97); a systematic comparison against the simulator’s drift envelope
is ongoing. Five defect classes: The framework pre-assigns one physics head per defect
class; extending to more classes requires a per-class physical quantity for each new class,
which is not always available a priori. Class imbalance: The reported dataset is fully
class-balanced (5000 samples per class). An earlier imbalanced variant (1000 no-defect
samples) yielded a no-defect F1 of only 0.545; we evaluated the class-balanced variant and
report it here, as it removes the minority-class bias without changing the defect-class data.
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Class-rebalanced sampling or focal loss were therefore not required. Single architecture
family: The logit-orthogonal design is verified on the proposed backbone; whether the
design transfers to other backbone families (Transformer, Mamba) is open. Simulator-side
drift only: The training distribution itself spans the operating variability listed above as
potential out-of-training conditions, via per-sample Gaussian drift applied independently
to every generated signal: excitation conditions ( fc ∼ N (0, 8%)), material properties and
plate thickness (cS0, cA0 ∼ N (0, 15%) and the A0/S0 energy-ratio drift N (0, 80%)), defect
dimensions and severity (five size grades per class plus a continuous reflection amplitude
sampled in [0, 1]), noise level (additive white Gaussian noise at SNR = 25 dB), and sensor
configuration (L ∼ N (0, 10%) Tx–Rx separation and probe-position jitter). The reported
test accuracy is therefore a distribution-level test over these combined variations rather
than a single-condition evaluation. What is not covered—independent variation in density
and elastic modulus beyond the group-velocity proxy, and physically different transducer
designs—requires measured data and is left to future work.
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Figure 14. Measured-data validation on the rail-steel plate rig (450 A-scans, 5 classes × 9 size
groups × 10 repeats): Per-scan confusion matrix, overall accuracy 90.67%; values in parentheses are
sample counts.
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ROC curves, AUC 0.968–0.998.
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A separate note on the snapshot rule: as stated in Section 4.1, model and checkpoint
selection are performed exclusively on the validation set, and the test set is evaluated once
at the end of training; the corresponding numbers change by approximately 0.55 pp on the
proposed baseline under the corrected protocol (from 95.60% under the original test-set
selection to 95.05% under validation-based selection), and the conclusions (above-80%
baseline, below-80% ablations) do not depend on the snapshot rule.

6.6. Generalizability to Other Guided-Wave and Ultrasonic Modalities

The logit-orthogonal-head design is not specific to EMAT Lamb-wave A-scan. Three
principles make it reusable for any one-dimensional industrial signal whose underlying
scattering (or radiation, propagation, modulation) mechanism admits a per-class physical
decomposition. First, the framework requires a simulator (or a calibrated physical model)
that produces per-class physical quantities from raw inputs (e.g., arrival time, mode ratio,
energy partition, frequency shift); once the simulator is in place, the four physics heads
and the shared baseline can be wired against its outputs. Second, the framework requires a
per-class physical quantity for each defect class; this is the strong inductive bias that limits
the framework to modalities with a clear physics-to-class mapping. Third, the bias-free
additive construction transfers verbatim: it is the only structural choice that guarantees
non-replaceability, and it is independent of the backbone architecture. We have not yet
validated these three transferability claims on a public benchmark (CWRU bearing, NASA
bearing, FEMTO-ST), but the design is a concrete candidate for follow-up. Transferring
from the rail-steel plate to a full rail cross-section requires accounting for the additional
guided modes of the rail (e.g., 23 modes in U78CrV at 35 kHz [37]) and modal conversion;
this is beyond the present plate-level scope and is left to future work.

From the perspective of industrial fault diagnosis for dynamic systems, the design
is naturally aligned with the recent emphasis on transfer learning and explainable AI.
The bias-free additive construction is backbone-agnostic, so a proposed head assembled
against a different simulator (e.g. bearing vibration, gearbox acoustic emission, electro-
chemical impedance spectroscopy) can be plugged onto a Transformer or Mamba encoder
without re-deriving the architecture; only the per-class physical-quantity definitions change.
The head activations (Figure 5) and Grad-CAM heat-maps (Figure 6) give a deployment-
side auditor a direct, time-localised view of which physical cue drove the classification,
which is exactly the explainability contract that industrial fault-diagnosis systems are ex-
pected to honour. The shared-baseline residual CBM, in particular, isolates the residual
capacity of the backbone from the class-specific physics decisions, so a future cross-modality
transfer study can hold the head structure fixed and quantify how the residual capacity
absorbs modality-specific structure.

7. Conclusions
We have presented a hybrid data–physics residual network (the proposed EMAT-

PINN) for EMAT Lamb-wave A-scan defect classification, and have shown that the logit-
orthogonal four-head design with bias-free additive projections makes each physics head
structurally non-replaceable. On the 25,000-sample simulated benchmark, the proposed
model reaches 95.05% test accuracy at only 0.195 M parameters, a +14.26-percentage-point
margin over the strongest data-driven baseline ResNet1D (80.79%); every knockout ablation
drops the model below the 80% hard-requirement threshold (68.79–75.55%), confirming
that the four physics heads are non-replaceable by the residual capacity. The principal
limitations are the reliance on simulated data as the primary training corpus, the small
scale of the measured-data validation (450 scans from a single rig configuration), the fixed
five-class taxonomy pre-assigned one physics head per defect class, and the use of a fully
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class-balanced dataset (1000 to 5000 no-defect samples) to address the minority-class F1
issue observed in an earlier imbalanced variant. Future work will scale the measured-data
validation to larger campaigns under varied Tx–Rx separations, temperatures, and field
conditions, extend the framework to more defect classes by adding heads, and assess
cross-modality transfer to other one-dimensional industrial signals (guided-wave UT,
vibration-based machine diagnostics, acoustic emission) on a public benchmark such as the
CWRU bearing dataset.
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