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Reliable corrosion monitoring becomes more difficult when a diagnostic model is expected to remain effective beyond
the experiment used for its development. This study combines Lamb-wave measurements with machine learning to
assess corrosion in 316L stainless steel, with particular emphasis on transfer between independent experiments. A
public laboratory dataset containing two corrosion experiments was analyzed, comprising 429 corrosion states and 12
directed piezoelectric actuator-sensor paths per state. Damage indices, baseline-relative descriptors, and frequency-
domain features were evaluated using conventional machine-learning models and a physics-guided path-attention
multi-task learning framework (PG-PAMTL). Performance was assessed under within-experiment validation, strict
zero-shot transfer, and unsupervised domain adaptation. In the strict cross-experiment setting, PG-PAMTL achieved
a macro ROC-AUC of 0.830 and a PR-AUC of 0.871, indicating substantially stronger transferability than the
conventional benchmarks. Domain adaptation increased the classification ROC-AUC only marginally to 0.832, but
its effect was more evident for severity estimation, where the macro MAE decreased from 39.3 to 32.5 um.
Permutation analysis showed that predictive information was concentrated in a limited number of sensing paths and
in both waveform-change and frequency-domain features. A separate sensitivity analysis also confirmed that a known
bubble-related disturbance affected transfer performance. Experimental progression, however, was strongly associated
with corrosion severity, limiting the interpretation of the regression results. The findings therefore support Lamb-
wave machine learning for cross-experiment corrosion detection, while showing that reliable absolute severity
estimation still requires validation under more independent experimental conditions.
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1- Introduction

Revision note: The scope of this study has been clarified. The present work
is a secondary analysis of the publicly available COQTEL laboratory
dataset rather than a new experimental campaign. Accordingly, the
contribution of this study is defined as evaluating the cross-experiment
robustness of Lamb-wave-based machine-learning approaches and
identifying the conditions under which corrosion-related information can
be transferred between independent laboratory domains. Corrosion
remains a major threat to the service life and safety of metallic structures.
Localized material loss and pit formation create stress concentrations that
can gradually weaken a component and increase the risk of failure [ 1, 2].
Although 316L stainless steel is widely selected for its mechanical
performance and corrosion resistance, it is still susceptible to localized and
pitting attack in aggressive environments, particularly when chloride ions
are present [3, 4]. Early detection and reliable tracking of this damage are
therefore important for maintaining structural integrity. Guided waves,
and Lamb waves in particular, are well suited to structural health
monitoring of plate-like components because they can interrogate
relatively large areas from a limited number of transducers [5, 6]. Bonded
piezoelectric transducers (PZTs) can both excite and receive these waves,
making multi-path sensing networks practical for repeated monitoring [7].
Corrosion alters amplitude, energy, waveform similarity, and spectral
content, providing several complementary indicators of damage [8].
Earlier studies have demonstrated sensitivity to early corrosion and wall-
thickness loss [9, 10], and the use of multiple modes or actuator—sensor
paths can further improve damage sensitivity [11, 12]. Experimental work
on 316L stainless steel has also shown that PZT arrays can track small
corrosion pits through Lamb-wave measurements [13]. The main
difficulty is interpretation: Lamb waves are dispersive and multimodal,
and their response is easily influenced by experimental conditions. This
has motivated the use of machine learning to combine several signal
descriptors and capture relationships that are difficult to express with a
single damage index [14, 15]. Deep-learing approaches have extended
this idea by learning damage-sensitive patterns directly from ultrasonic
data [16], including information related to localization and severity [17].
Related studies have investigated Lamb-wave imaging for corrosion
monitoring in automotive lap joints [18], multimodal corrosion detection
and localization [19], and corrosion quantification using Lamb wavefields
and monogenic signal processing [20]. Transfer learning for temperature-
compensated damage identification [21] and machine learning with
aggregated baselines [22] have also been explored to address variability
in guided-wave monitoring. Recent work has moved beyond simple
damage detection toward tracking corrosion development and improving
transfer across changing conditions . Ding et al. [23] showed that nonlinear
Lamb-wave quantities, including higher-order harmonics, can respond to
early surface corrosion before substantial material loss is present. Zhang
et al. [24] used machine-learning models with time-, frequency-, and time—
frequency-domain features and demonstrated that these descriptors can
support automated classification. Wang et al. [25] combined guided-wave
measurements with convolutional neural networks to recover corrosion-
related spatial information, while Huang et al. [26] showed that combining
information from multiple Lamb-wave modes can improve both detection
and localization. More recent studies have addressed severity estimation
and model transfer. Azad et al. [27] compared deep-learning architectures
for Lamb-wave-based localization and severity assessment, and Holl and
Humer [28] investigated transfer from simulation to experiment. Of
particular relevance here, Nicard et al. [29] monitored electrochemically
generated pits in a 316L stainless-steel plate using four PZT transducers
and reported a clear relationship between Lamb-wave damage indicators
and equivalent pit radius. Lu et al. [30] subsequently showed that
unsupervised domain adaptation can improve Lamb-wave damage
identification when source and target distributions differ. Despite this
progress, corrosion detection, severity estimation, multi-path sensing, and
experiment-to-experiment generalization are still rarely evaluated
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together. The possible confounding effect of experimental progression has
also received comparatively little attention. The present study addresses
these issues within a single evaluation framework and asks not only
whether the models predict well, but also whether their cross-experiment
performance is genuinely supported by Lamb-wave information.

2- Materials and Methods

The present analysis uses real experimental data from controlled pitting-
corrosion tests on 316L stainless-steel plates monitored with ultrasonic
Lamb waves. The two experiments were conducted by the original
COQTEL dataset authors on 1.5-mm-thick, 80 x 125 mm specimens
instrumented with four bonded PZT transducers [31]. Corrosion was
generated electrochemically while Lamb-wave responses were recorded
repeatedly as the pits developed. In this study, the electrochemical
measurements serve only as the reference used to define corrosion level;
the predictive models are built from the ultrasonic measurements. This
separation makes it possible to evaluate detection, severity estimation, and
transfer from one independent experiment to the other without giving the
models direct electrochemical information.

2-1- Dataset Source and Experimental Configuration

The data were taken from the publicly available COQTEL dataset reported
by Nicard et al. [31]. It contains real laboratory measurements from
controlled corrosion tests on 316L stainless-steel plates; no simulated or
synthetically generated ultrasonic signals were introduced in the present
analysis. The original release includes two independent HDF5
experiments, Essai_Corrosionl.h5 and Essai_Corrosion2.h5. Experiment
1 contains 166 measurement states and Experiment 2 contains 263, for a
total of 429 states. Each 80 x 125 x 1.5 mm plate was instrumented with
four bonded PZT transducers [31]. During a measurement sequence, one
transducer acted as the actuator and the other three as receivers. Cycling
the actuator role through all four PZTs produced 12 directed actuator—
sensor paths for every state. Excitation was a five-cycle tone burst
centered at 200 kHz; the responses were sampled at 2 MHz with 2000
samples per acquisition. Fig. 1 summarizes the experimental configuration
and monitoring arrangement. The two experiments were kept as separate
experimental domains rather than pooled and randomly divided. This
choice is central to the study because it exposes the models to genuine
experiment -to -experiment variability at test time. Electrochemical
variables supplied with the dataset were retained only for constructing the
corrosion reference and were excluded from the predictive inputs. The
main characteristics of the data used in the analysis are listed in Table 1.

2-2- Corrosion Reference and Target Definition

Corrosion severity was represented by the equivalent pit radius estimated
from cumulative anodic charge. For classification, 30 um was used as the
primary threshold: states below this value were assigned to the below-
threshold class and states at or above 30 um to the corrosion class. A 20
um threshold was examined only as a sensitivity check and was not used
for the main classification results. For regression, the equivalent pit radius
remained a continuous target. Electrochemical measurements were
therefore used to define the reference labels only; none were included
among the machine-learning inputs. Table 2 summarizes the target
definitions and class distributions in the two experiments.

2-3- Lamb-Wave Data Acquisition and Signal Processing

For every corrosion state, the four bonded PZT transducers were operated
sequentially. One transducer excited the plate while the other three
recorded the response, producing 12 directed actuator—sensor paths per
state. The excitation was a five-cycle tone burst centered at 200 kHz,
sampled at 2 MHz with 2000 points per acquisition
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316L Stainless-Steel Plate

Fig. 1 Schematic representation of the experimental COQTEL configuration for Lamb-wave monitoring of localized corrosion in a 316L stainless-steel plate.

Table 1 Main characteristics of the experimental COQTEL dataset used in this study.

Dataset COQTEL

Data type Real laboratory measurements

Specimen dimensions 80 x 125 x 1.5 mm

Experimental states 166 (Exp1), 263 (Exp2), 429 total

Actuator-sensor paths 12 directed paths per state

Center frequency 200 kHz

Samples per acquisition 2000

Table 2 Definition of corrosion targets and dataset distribution

Total number of states 166 263 Experimental measurement states

Corrosion class 139 166 Equivalent pit radius > 30 pm

Sensitivity threshold 20 pm 20 pm Used only for sensitivity analysis

Signals from different paths were kept separate so that path-specific
changes were not lost before the learning stage.Each waveform was
characterized both in its original form and relative to the first measurement
of the same path. State 1 served as the baseline, and the residual signal
was defined as

r(t) = x(t) — x0() )
where x(t) is the current response and x0(t) is the corresponding baseline
signal. The overall waveform change was quantified using NRMSD,

Tl (% — x0i)?

N .2
i=1%0i

NRMSD = @

Waveform correlation was considered alongside NRMSD. The feature set
also included RMS amplitude, peak response, signal energy, spectral
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centroid, bandwidth, spectral entropy, and relative spectral energy,
allowing the model to use complementary information from both the time
and frequency domains. Figure 2 shows a representative PZT3—PZT1
response from Experiment 1, comparing State 1 with State 126,
corresponding to an equivalent pit radius of about 140.5 pum. The complete
and zoomed waveforms remain broadly similar, but the residual signal
reveals measurable changes in amplitude and waveform shape. In this
example, the NRMSD was 0.321 and the correlation was 0.948, indicating
that corrosion introduced noticeable but still relatively subtle changes in
the response. The frequency-domain comparison also shows differences
around the 200 kHz excitation region. Together, these observations
support the use of combined temporal, spectral, and baseline-referenced
features for the subsequent machine-learning analysis.
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Fig. 2. Representative Lamb-wave responses for the PZT3—PZT1 path in Experiment 1, comparing the baseline state with a developed corrosion state. (a) Full
received waveform, (b) zoomed dominant wave packet, (c) baseline-referenced residual, and (d) corresponding frequency-domain response.

2-4- Machine-Learning Framework

Additional methodological clarification: The learning framework is
designed to preserve the physical structure of guided-wave measurements.
Unlike conventional models that flatten all actuator—sensor responses into
a single feature vector, PG-PAMTL represents each corrosion state as a
collection of directional sensing paths. A shared encoder generates path-
level representations, while an attention mechanism learns the relative
contribution of individual paths. The multi-task formulation combines

corrosion classification and severity estimation with auxiliary
regularization  objectives to improve representation stability.
The model configuration was selected through validation-based

optimization to balance predictive performance and overfitting risk.
Because the available dataset consists of sequential measurements from a
limited number of physical experiments, model selection was performed
with emphasis on temporal-block validation rather than random sample
splitting. The learning framework addressed two related tasks: binary
corrosion detection and continuous severity estimation. Detection labels
were assigned from the equivalent pit radius using the 30 pm threshold,

Vs = 0Teq < 30um;y = 1req = 30pum 3)
For severity estimation, the equivalent pit radius was treated as a
continuous regression target,

yreg = re‘]

Q)

2-5- Proposed Model and Cross-Experiment Learning Strategy

Additional clarification: The physics-guided constraints are introduced as
regularization mechanisms rather than additional sources of corrosion
information. Experimental progression is not provided as an input feature.
Instead, the monotonicity constraint is used only to discourage physically
inconsistent severity predictions. This distinction is important because
experimental order itself can contain information correlated with
corrosion development. PG-PAMTL (Physics-Guided Path-Attention
Multi-Task Learning) was designed around the directed sensing paths
rather than a single flattened feature vector. Each experimental state is
represented by its 12 actuator—sensor paths. For each path, the Lamb-wave
descriptors are combined with basic geometric information describing the
actuator, receiver, propagation direction, and path length. A shared
encoder maps these inputs into path-level representations, and an attention
mechanism allows the network to emphasize paths that carry more useful
damage information. The attended path representations are then pooled
into a common latent representation used for corrosion detection and
severity estimation. An auxiliary corrosion-stage task is included during
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Only Lamb-wave-derived information was supplied to the models.
Electrochemical measurements were reserved for defining the reference
targets. Time-domain, frequency-domain, and baseline-relative
descriptors were retained at the individual path level so that potentially
useful differences among the 12 propagation paths remained available.
Table 3 summarizes the models used for comparison. SVM/SVR and
XGBoost follow established benchmark formulations [32, 33], Random
Forest provides a nonlinear ensemble reference, and a 1D-CNN serves as
a waveform-based deep-learning comparison. The proposed PG-PAMTL
model learns corrosion detection and pit-radius estimation jointly while
preserving the multi-path structure of the measurements.

Table 3 Machine-learning models considered in this study.

\ Type Purpose
SVM / SVR Kernel-tl)ased Conventional classification and regression
learning benchmark
Random . .
Ensemble learning Nonlinear tree-based benchmark
Forest

XGBoost Gradientboosting ~ Benchmark for engineered Lamb-wave features
1D-CNN Deep learning Waveform-based deep-learning comparison

PG- Proposed multi- Joint corrosion detection and severity estimation
PAMTL task learning using multi-path information

training to encourage a more organized representation of damage
progression. Because the assumed pit geometry links corrosion volume to
the cube of equivalent radius, the regression target is expressed in
normalized volume-related form,
_ (Jeays

v= () )
Learning the related targets together allows the network to share
information between detection and severity estimation, consistent with the
general motivation for multi-task learning [34]. A physics-guided
monotonicity constraint was also introduced. Corrosion develops
progressively in the controlled experiments, so large decreases in
predicted severity between successive states would be inconsistent with
the experimental process. The corresponding penalty discourages such
behavior during training. Experimental state and time are not used as
predictive inputs; progression enters only through this training constraint.
The total loss is

L = Lgs+ 1.5Leg + 0.20Lgage + 0.35Lmonoys

6
40.30L om0t + 0.40Lps ©
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The terms correspond to classification, regression, auxiliary stage
prediction, monotonicity, and domain-alignment losses. Transfer was
evaluated in both directions, Expl—Exp2 and Exp2—Expl. Two
protocols were kept distinct. In strict zero-shot evaluation, training used
the source experiment only and no target-domain information was
introduced. PG-PAMTL-DA, in contrast, used unlabeled target features
for unsupervised domain adaptation. Correlation alignment was applied to
reduce the discrepancy between source and target latent representations
without using target corrosion labels, following the CORAL principle
[35]. For deployment, the classification operating point was estimated
from unlabeled target scores using two-cluster K-means. Separating these
protocols avoids conflating true zero-shot generalization with
improvements that depend on access to unlabeled target data.

2-6- Model Evaluation, Interpretability, and Robustness

Additional validation clarification: The number of recorded states is not
considered equivalent to the number of independent physical experiments.
Therefore, uncertainty analysis and bootstrap procedures are interpreted
considering temporal dependence among measurements. The current
conclusions are restricted to transfer between the two investigated
laboratory experiments. Detection and severity estimation were evaluated
separately. Detection metrics included ROC-AUC, PR-AUC, balanced
accuracy, F1-score, precision, recall, specificity, and MCC; severity was
assessed using MAE, RMSE, R? Spearman correlation, and Pearson
correlation. Random splitting was avoided because neighboring corrosion
states are temporally related. Within-experiment validation therefore used
purged contiguous blocks, while transfer was tested in both Expl—Exp2
and Exp2—Exp]1 directions. Uncertainty in the main transfer results was
estimated with a moving-block bootstrap using 2000 resamples and a
block length of 10 states [36]. Permutation importance was used to
examine model dependence on individual actuator-sensor paths and
Lamb-wave features; importance was measured by the resulting decrease
in ROC-AUC [37]. Robustness was examined through ablation, a state-
only progression control, Gaussian feature perturbations at 40, 30, 20, and
10 dB, and matched exclusion analyses for the known disturbed interval
in Experiment 2. Conformal intervals were also explored for severity
predictions. Because the data are sequential and the experiments exhibit
domain shift, these intervals are interpreted as diagnostics rather than
guaranteed future coverage [38].

B Balanced accuracy

332

3- Results and Discussion

The results are organized from the easier within-experiment setting to the
more demanding cross-experiment tests. The analysis then examines what
changes when unlabeled target data are available, how well corrosion
severity transfers, and which components of PG-PAMTL account for the
observed gains. Progression confounding, sensing-path and feature
importance, and sensitivity to the known experimental artifact are
considered alongside predictive performance so that the results can be
interpreted in the context of the experimental design.

3-1- Within-Experiment Benchmark Performance

Within-experiment performance was examined first using purged-block
validation to reduce leakage between neighboring corrosion states. Table
4 reports the numerical results and Fig. 3 compares the detection and
regression metrics. For corrosion detection, the feature-based models were
strong. SVM/SVR achieved the highest balanced accuracy (0.772) and F1-
score (0.898), while Random Forest produced the highest ROC-AUC
(0.940), closely followed by XGBoost (0.937). PG-PAMTL remained
competitive, with balanced accuracy of 0.763 and Fl-score of 0.888,
although its ROC-AUC was lower at 0.849. The 1D-CNN was markedly
weaker, with a ROC-AUC of 0.559. The comparison in Fig. 3(a) also
shows why a single classification metric is not sufficient. Random Forest
and XGBoost ranked the two classes well, as reflected by their high ROC-
AUC values, but their balanced accuracy was lower than that of
SVM/SVR at the selected operating point. PG-PAMTL was more even
across the three classification metrics, whereas the waveform-based 1D-
CNN lost much of its discriminative ability. Under these within-
experiment conditions, engineered Lamb-wave descriptors therefore
provided a more stable representation than the raw-waveform CNN
benchmark. The separation between models was even clearer for severity
estimation. XGBoost achieved the best regression performance (R?=0.77,
MAE = 14.4 um), followed by Random Forest (R? = 0.71, MAE = 17.1
um). PG-PAMTL reached an MAE of 18.4 pm with R? = 0.43, while the
1D-CNN produced the largest error (36.5 pm) and a negative R? of —0.30.
Thus, conventional feature-based models remained highly competitive
when training and validation came from the same experiment. The purpose
of PG-PAMTL is therefore not to dominate the easier within-domain
benchmark, but to retain useful information when the experimental
domain changes.

m Fl-score  EEE ROC-AUC

0.936
SVM / SVR .898
0.940
Random Forest
0.937
XGBoost 0
1D-CNN
PG-PAMTL 0.888
0.0 0.2 0.4 0.6 0.8 1.0
Score
B Purged-block severity regression C Severity estimation error
SVM / SVR 0.56 SVM / SVR
Random Forest 0.71 Random Forest
XGBoost XGBoost

1D-CNN{ =0.30

PG-PAMTL 0.43

=-0.50 =0.25 0.00 0.25 0.50 0.75

1D-CNN 36.5

PG-PAMTL

) 10 20 30 40

Fig. 3 Within-experiment performance under leakage-resistant purged-block validation: (a) corrosion-detection performance based on balanced accuracy, F1-score,
and ROC-AUC; (b) R? for equivalent pit-radius estimation; and (c) MAE for corrosion-severity estimation.
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Table 4 Within-experiment performance under purged-block validation.

Model Balanced Accuracy F1-score
SVM / SVR 0.772 0.898
Random Forest 0.699 0.859
XGBoost 0.719 0.880
1D-CNN 0.577 0.809
PG-PAMTL 0.763 0.888

ROC-AUC R? MAE (um)
0936 056 21.1
0.940 071 17.1
0.937 0.77 14.4
0.559 -0.30 36.5
0.849 0.43 184

3-2- Strict Zero-Shot Cross-Experiment Generalization

A stricter test was then considered: the model was trained on one
experiment and evaluated directly on the other, with no target-domain
labels used during training. Table 5 and Fig. 4 summarize the results. The
separation between PG-PAMTL and the conventional benchmarks
became much clearer in this setting. PG-PAMTL achieved a ROC-AUC
of 0.830 and a PR-AUC of 0.871, whereas SVM/SVR, Random Forest,
XGBoost, and 1D-CNN reached ROC-AUC values 0f0.587, 0.405, 0.391,
and 0.543, respectively. The transfer results show that the strong within-
experiment performance of Random Forest and XGBoost did not carry
over to an independent experiment. PG-PAMTL retained substantially
more class-separation  information, suggesting that its learned
representation was less tied to experiment-specific characteristics. The
fixed-threshold result, however, tells a different story. Despite its ROC-
AUC and PR-AUC, PG-PAMTL achieved a balanced accuracy of only
0.502 when the source-domain threshold was transferred unchanged; the
other models were also close to 0.50. This combination of good ranking
and near-chance balanced accuracy is more consistent with a shift in the
score distribution and operating point than with a complete loss of
corrosion sensitivity. In practical terms, the model could still order target
samples meaningfully, but the source threshold was poorly calibrated for

SVM / SVR

Random Forest

XGBoost 0.391

1D-CNN

PG-PAMTL

o

B Precision-recall performance

SVM / SVR 0.760
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the new experiment. This distinction motivates the unsupervised
calibration and domain-adaptation analyses that follow.

3-3- Domain-Adaptation and Transfer Performance

We then asked whether unlabeled data from the target experiment could
improve transfer. As shown in Fig. 5 and Table 6, the effect was modest
for detection but more noticeable for severity estimation. The PG-PAMTL
core model achieved macro ROC-AUC and PR-AUC values of 0.830 and
0.871, compared with 0.832 and 0.878 for PG-PAMTL-DA. The small
change indicates that most of the discriminative information was already
present in the source-trained representation. After unsupervised target-
score calibration, balanced accuracy was also similar: 0.758 for the core
model and 0.756 for PG-PAMTL-DA. Viewed together with the strict
zero-shot result, this supports the interpretation that the fixed-threshold
failure was driven mainly by operating-point shift rather than loss of class
separation. The larger benefit appeared in severity estimation, where
macro MAE fell from 39.3 to 32.5 um, a 17.3% reduction. Directional
results remained useful in both transfers: Expl—Exp2 reached ROC-AUC
=0.843 and AP =0.795, while Exp2—Exp1 reached 0.822 and 0.960. The
latter AP should be read in light of the higher positive-class prevalence
(0.837 versus 0.631). Domain adaptation therefore contributed mainly to
regression stability, with little additional gain in classification
discrimination.

0.587

0.543

0.830nce tevel (0.5)

. ROC-AUC

10

ROC-AUC

C Fixed-threshold operating-point performance

0.503

0.500
0.491

0.500

0.502

|PVP|9(L‘I)

00 01 02 03 04 05 06
Balanced accuracy

Fig. 4 Strict zero-shot cross-experiment corrosion-detection performance: (a) ROC-AUC comparison across models; (b) PR-AUC performance; and (c) balanced
accuracy obtained using the fixed source-domain decision threshold. PG-PAMTL retained the strongest cross-experiment discrimination, whereas the near-chance
balanced accuracy indicates a shift in the operating point between the two experimental domains.

Table S Strict zero-shot cross-experiment corrosion-detection performance

Model Balanced Accuracy PR-AUC ROC-AUC
SVM / SVR 0.503 0.760 0.587
Random Forest 0.500 0.677 0.405
XGBoost 0.491 0.699 0.391
1D-CNN 0.500 0.755 0.543
PG-PAMTL 0.502 0.871 0.830
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Fig. 5 Domain-adaptation and cross-experiment transfer performance: (a) comparison of macro ROC-AUC, macro PR-AUC, and deployment balanced accuracy for
PG-PAMTL and PG-PAMTL-DA; (b) change in cross-experiment severity MAE following unsupervised domain adaptation; and (c) directional transfer
performance for Expl —Exp2 and Exp2—Expl, together with the corresponding positive-class prevalence.

Table 6 Cross-experiment transfer performance of PG-PAMTL and PG-PAMTL-DA

PG-PAMTL core 0.830 0.871

0.758 39.3

Exp1 — Exp2, PG-PAMTL-DA 0.843 0.795

3-4- Corrosion-Severity Estimation

Interpretation revision: Although domain adaptation reduced the severity
estimation MAE, this improvement should not be interpreted as proof of
highly accurate absolute corrosion quantification. The negative or limited
R? values indicate that the model captures only part of the severity
variation across experiments. Therefore, regression results are interpreted
as estimation of corrosion-related trends rather than a fully calibrated
physical measurement system.

26.7 0.631

Cross-experiment severity estimation was more difficult than binary
corrosion detection. Domain adaptation nevertheless improved the
regression results: PG-PAMTL-DA reduced macro MAE from 39.3 to
32.5 um and increased macro R? from —0.357 to 0.105, corresponding to
a 17.3% reduction in error. Fig. 6(a,b) summarizes this overall change.
The two transfer directions behaved differently. Expl—Exp2 produced
the lower MAE (26.7 um), whereas Exp2—Expl showed the stronger
rank correlation (p = 0.529).

A Cross-experiment severity error B Cross-experiment severity fit
a5
39.3 MAE reduction = 17.3% 0.105
40 0.1
35 32.5
= 0.0
£
a* 5
«
w -
< 25 E 0.1
Z 0 8
[ = -0.2
v
© 15
=
10 -0.3
5
-0.4 -0.357
° PG-PAMTL PG-PAMTL-DA PG-PAMTL PG-PAMTL-DA
core core
C Directional severity error D Directional fit and rank association
Expl - Exp2 Expl - Exp2
0.529
Exp2 - Expl 38.3 Exp2 - Expl

o
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Fig. 6 Cross-experiment corrosion-severity estimation: (a) macro MAE before and
Expl—Exp2 and Exp2—Expl; and (d) directional R? and Spearman correlation.
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The regression outputs therefore captured part of the overall severity trend,
but not the equivalent pit radius with high absolute accuracy across
independent experiments. The low cross-experiment R? values are an
important limitation: they support interpreting the severity output as a
trend estimate rather than a precise physical measurement. Domain
adaptation improved stability, but accurate absolute severity
quantification remains a more demanding problem.

3-5- Ablation and Statistical Validation

The ablation study was used to identify which components drove the
observed gains. Replacing the flat MLP with path attention increased
mean ROC-AUC from 0.464 + 0.093 to 0.757 + 0.140 and reduced
severity MAE from 69.2 + 12.9 to 41.8 £ 9.3 um. Adding the physics-
guided component improved the results further, reaching ROC-AUC =
0.837 £ 0.029 and MAE = 34.3 + 7.4 um. The largest step therefore came
from representing the sensing paths explicitly, while the physics-guided
formulation provided an additional improvement in both accuracy and
run-to-run stability. The bootstrap comparison puts these gains into
context. PG-PAMTL-DA improved ROC-AUC clearly relative to the
conventional benchmark models, whereas the increase over the core PG-
PAMTL model was only 0.007. The effect of domain adaptation was more
apparent for severity estimation, where it reduced cross-experiment error.
This distinction is important: the architecture itself accounts for most of
the cross-experiment detection gain, while domain adaptation contributes
mainly to regression stability rather than a large increase in classification
discrimination.

A Detection ablation

Flat-MLP-MTL 64 = 0.093
PAMTL 7 = 0.140
PG-PAMTL 837 = 0.029

0.0 0.2 0.4 0.6 0.8 1.0
Macro ROC-AUC

C Temporal-block bootstrap: detection

SVM / SVR - «0.249
Random Forest -~ =0.423
XGBoost e 0:424
1D-CNN —e-0:268
PG-PAMTL —-0,007

0.0 0.2 0.4 0.6
ROC-AUC improvement

3-6- Progression-Confounding Analysis

Additional discussion: The State-only baseline demonstrates that
experimental progression is strongly correlated with corrosion severity in
the available dataset. Consequently, severity prediction results should be
interpreted cautiously. The present analysis supports the presence of
corrosion-sensitive information in Lamb-wave features, but additional
experiments with randomized corrosion progression are required to fully
separate damage sensitivity from temporal progression effects.

Corrosion increased monotonically during both experiments, so
experimental progression could itself carry substantial information about
the targets. A state-only baseline was therefore used as a negative control.
As shown in Fig. 8(a), state alone produced ROC-AUC = 1.000 in both
transfer directions, compared with 0.843 for Expl—Exp2 and 0.822 for
Exp2—Exp] using the Lamb-wave model. The contrast was even larger
for severity: the state-only model achieved MAEs of 6.5 and 11.1 pum,
whereas the Lamb-wave model produced 26.7 and 38.3 pm. Adding
Lamb-wave information to state did not consistently improve the state-
only baseline, and the same pattern was reflected in R% These results
identify experimental progression as a major confounder, particularly for
quantitative severity estimation. State was never used as a predictor in PG-
PAMTL, but the monotonic experimental design means that part of the
apparent predictive structure can still track sequence progression. Cross-
experiment detection is therefore the stronger result of this study; severity
estimation requires validation in experiments where corrosion level and
experimental order are varied more independently.

B Severity ablation

Flat-MLP-MTL =129

PAMTL

PG-PAMTL 3x7.4

0 20 40 60 80
Macro MAE (pm)

D Temporal-block bootstrap: severity

SVM / SVR e 2.5
Random Forest = 10,9
XGBoost 04—
1D-CNN o+ k43
PG-PAMTL — 6.5

0 5 10 15 20 25
MAE improvement (um)

Fig. 7 Ablation and statistical validation of the proposed framework: (a) multi-seed detection ablation based on macro ROC-AUC; (b) severity ablation based on
macro MAE; (c) temporal-block bootstrap comparison of ROC-AUC improvements; and (d) corresponding improvements in severity MAE.
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Fig. 8. Progression-confounding analysis: (a) comparison of state-only and Lamb-wave-based corrosion detection; (b) severity MAE for state-only, Lamb-wave-only,

and hybrid models; and (c) corresponding R? values for severity estimation.

3-7- Model Interpretability: Path and Feature Importance
Permutation importance was used to determine which sensing paths and
features the model relied on most. Fig. 9(a) shows that PZT3—PZT1 and
PZT1—PZT3 were the most influential paths, with mean ROC-AUC
drops of 0.088 and 0.068, respectively. The remaining paths had smaller
effects, indicating that the network did not use all actuator—sensor
combinations equally. Feature importance was likewise concentrated
rather than uniform. DI diffrms produced the largest AUC drop (0.075),
followed by band-power features in the 220-300 kHz and 300-500 kHz
ranges and by envelope correlation. Baseline-relative residual, spectral
centroid, and sensor energy also contributed. The model therefore drew on
a mixture of waveform-change and spectral information rather than a
single feature family.

A Actuator-sensor path importance

)
par1-»vzr: [ 0.068
rzrz->pzT1 [ ©.039
pzra->pzT1 [ 0.017
rzra>rzrz ] 0.016
pzr2->pzT3 [ 0.015
pzr1->pzT4 [ 0.015
rzr1--pzr2 [ 0.014
0.00 0.10

0.02 0.06 0.08

0.04 K
Mean ROC-AUC drop

3-8- Artifact and Bubble-Sensitivity Analysis

Additional discussion: The bubble-related disturbance is considered an
experimental artifact affecting domain variability. However, the observed
performance change after removing this interval is not interpreted as a
causal explanation of transfer success. Instead, it demonstrates that
uncontrolled experimental disturbances can influence cross-domain
performance and should be considered in future validation studies.
Experiment 2 contains a known bubble-related disturbance, so its effect
on transfer performance was examined separately. For the Expl —Exp2
transfer, ROC-AUC increased from 0.843 to 0.995 when the affected
interval was removed. A class-matched reference helps interpret this
change: across 5000 random exclusions with similar class composition,
the mean ROC-AUC remained near 0.843 and the 97.5th percentile was
0.936. The much larger value obtained after excluding the bubble interval
therefore cannot be explained by class composition alone.

B Lamb-wave feature importance

o1 airtrms [ 0.075
8R: 8P 220-300 kHz [N ©.065
8r: 8P 300-500 kHz [ ©.057
oi enveorr [ 0.050
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Fig. 9 Model interpretability based on permutation importance: (a) actuator—sensor path importance expressed as the mean ROC-AUC drop; (b) importance of the
leading Lamb-wave features; and (c) aggregated endpoint path importance across the four PZT locations.
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Fig. 10 Artifact and bubble-sensitivity analysis: (a) ROC-AUC before and after excluding the bubble-affected interval, together with matched-control means; (b)
class-matched random exclusion control; and (c) state-matched contiguous-window control.

The contiguous-window control gives a more cautious picture. The bubble
interval ranked 13th among 193 state-matched windows, corresponding to
the 93.8th percentile, while the 97.5th-percentile reference for contiguous
exclusions was 0.996. The disturbed segment was therefore influential, but
not uniquely exceptional among all temporal windows. It is appropriate to
treat the bubble event as an important experimental artifact without
attributing all cross-experiment variability to that interval alone.

4- Conclusion

Revision of conclusion scope: The findings demonstrate promising cross-
experiment corrosion detection capability within the investigated
COQTEL dataset. However, broader claims regarding universal
deployment or general transferability require validation using additional
specimens, independent laboratories, and different environmental
conditions. This study examined whether Lamb-wave measurements and
machine learning can provide a corrosion-assessment strategy that
remains informative beyond the experiment used for model development.
Two independent laboratory experiments on 316L stainless steel made it
possible to compare the conventional within-experiment setting with the
more demanding problem of experiment-to-experiment transfer. The
strongest result concerned corrosion detection. In strict zero-shot transfer,
PG-PAMTL achieved a macro ROC-AUC of 0.830 and a PR-AUC of
0.871, retaining substantially more discriminative information than the
conventional benchmarks. Unsupervised domain adaptation increased
ROC-AUC only slightly, to 0.832, but had a clearer effect on severity
estimation, reducing macro MAE from 393 to 32.5 pm. The
interpretability analysis further showed that predictive information was
concentrated in a limited number of sensing paths and in a combination of
waveform-change and frequency-domain descriptors. The severity results
require more caution. Experimental progression was strongly associated
with corrosion severity, and the state-only control outperformed the
Lamb-wave model for quantitative estimation. The bubble-related
disturbance in Experiment 2 also affected one transfer direction. The
present regression results should therefore not be treated as an independent
absolute measurement of corrosion severity. Future validation should
decouple corrosion level from experimental order, ideally through
randomized or non-monotonic progression, repeated specimens, broader
operating conditions, and independent tests. Such experiments would
provide a stronger basis for assessing whether the proposed framework
can support reliable cross-domain corrosion monitoring and, eventually,
more accurate quantitative damage assessment.
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  r ( t ) = x ( t ) −   x 0 ( t )


  NRMSD =      ∑  i = 1  N    (   x i −   x  0 i ) 2    ∑  i = 1  N    x  0 i 2


    y cls = 0   r eq < 30 µ m ;   y cls = 1   r eq ≥ 30 µ m


    y reg =   r eq


  v =   (     r eq 160 ) 3


     L =   L cls + 1 . 5   L reg + 0 . 20   L stage + 0 . 35   L  mono , s   + 0 . 30   L monot + 0 . 40   L DA

