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The accurate assessment of global corrosion characteristics in metal plates, particularly thickness loss and surface
roughness, is critical for industries such as oil, marine, and energy. Recent advances using guided ultrasonic
waves have enabled non-destructive evaluation of corroded structures; however, this task remains challenging
due to complex interactions between wave propagation and spatially varying thickness profiles. The difficulty is
further compounded by the inherently heterogeneous nature of real corrosion patterns, which introduces sig-
nificant uncertainty in signal interpretation and limits the effectiveness of traditional physics-based identification
methods. In this study, global corrosion parameters, including mean thickness reduction and thickness standard
deviation, are reliably estimated using data-driven inverse surrogate models. Corrosion morphology is modeled
as a stochastic field, while guided wave responses are generated via numerical simulations. The inverse
framework maps features extracted from wave responses to corresponding corrosion parameters. A key challenge
lies in the pronounced non-uniqueness of the problem, as infinitely many stochastic field realizations can yield
identical statistical descriptors. To address this issue, a multi-random-field strategy is introduced, in which
guided wave responses from multiple independent realizations are averaged and jointly analyzed. Extensive
comparative studies show a clear improvement in prediction accuracy with as few as three random field re-
alizations, with further significant gains observed for ten random field configurations. For the considered test
cases, the relative mean absolute error was reduced to approximately 1.4% for thickness reduction estimation
and 7.0% for standard deviation estimation. Across all cases, the proposed inverse modeling approach out-
performs conventional time-of-flight-based identification methods derived from dispersion curve analysis.
Although this research focuses on computational modeling, in practical applications, the proposed methodology
can be readily implemented by repositioning the sensor network or excitation source, either laterally or
rotationally.

1. Introduction

Guided ultrasonic waves have emerged as a powerful tool in struc-
tural health monitoring (SHM) due to their ability to propagate over
long distances and their sensitivity to both material and geometrical
properties of structures [1,2]. This sensitivity stems from the dispersive
nature of guided waves, whose propagation characteristics-such as
phase and group velocity, wavelength, and modal content-depend on
the mechanical properties of the medium as well as the structural ge-
ometry, including thickness and boundary conditions [3,4]. In partic-
ular, their dependence on structural thickness makes them especially

* Corresponding author.

suitable for the inspection of plate-like components, where thickness
variations can be directly linked to damage mechanisms such as corro-
sion [5-7]. Consequently, guided-wave-based techniques have been
widely employed in non-destructive evaluation for detecting and
quantifying structural degradation, including wall thinning and
distributed damage [8-10].

At the same time, the strong dependence of guided wave propagation
on structural geometry, while advantageous for damage detection, in-
troduces significant challenges in solving the associated inverse prob-
lem, which consists in identifying the structural condition of a
component based on the measured wave responses. In structures with
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spatially varying properties, wave propagation is affected not only by
global parameters but also by local variations in thickness, leading to
complex phenomena such as scattering, mode conversion, and ampli-
tude attenuation [11-14]. As a result, the relationship between
measured signals and the underlying structural state becomes highly
nonlinear and difficult to interpret, particularly in the presence of
distributed damage.

Due to the complexity of the inverse problem, a variety of ap-
proaches have been proposed for the assessment of thickness distribu-
tion in plate-like structures based on guided wave signals. Many of these
methods rely on simplified assumptions regarding the geometry of the
inspected component, which enable analytical or semi-analytical treat-
ment of the problem. For example, thickness estimation techniques
based on time-of-flight measurements and dispersion curve analysis
often assume uniform or effectively averaged thickness along the
propagation path [9,15].

To investigate the influence of thickness variations on wave propa-
gation, a number of studies have considered structures with simplified
geometries, such as stepped plates [16,17] or plates with linearly
varying thickness [18], where the effects of abrupt or gradual changes in
geometry on wave characteristics can be systematically analyzed. Other
approaches have employed parametric descriptions of plate geometry
using predefined functional forms, allowing for the estimation of shape-
related coefficients from measured signals [19-21].

More realistic representations of corroded structures have been
achieved through the use of stochastic models, in which thickness var-
iations are described using random fields capturing both global material
loss and local surface irregularities [22-24]. While such approaches
provide a more faithful representation of corrosion morphology, they
also further increase the complexity of the inverse problem. Importantly,
different realizations of such stochastic fields may share identical global
statistical descriptors, such as mean thickness reduction and its standard
deviation, while producing significantly different guided wave re-
sponses. Consequently, multiple corrosion profiles may correspond to
similar signal characteristics, rendering the inverse problem of corrosion
characterization inherently non-unique and ill-posed.

At the same time, conventional approaches to corrosion assessment,
typically based on time-of-flight measurements and dispersion curve
analysis, relate changes in wave velocity to thickness variations
[15,19,21]. While effective for structures with uniform or weakly
varying thickness, their applicability is limited in the presence of
spatially distributed corrosion, where the concept of a single effective
wave velocity becomes insufficient to capture the complexity of wave
propagation. In such cases, the inferred parameters may be subject to
significant uncertainty, particularly when local variations strongly in-
fluence the measured response.

To overcome the limitations of physics-based methods, data-driven
approaches have been increasingly explored in recent years. Machine
learning techniques have demonstrated strong potential in extracting
damage-sensitive features from guided wave signals and establishing
mappings between signal characteristics and structural parameters
[25-27]. In particular, inverse modeling frameworks have been suc-
cessfully employed to estimate defect properties and structural condi-
tions directly from measured responses, without relying on simplified
analytical assumptions [28,29]. However, most existing approaches
operate on individual realizations of the structural response and do not
explicitly account for the stochastic nature of corrosion morphology and
the associated variability of guided wave signals.

Despite the growing interest in data-driven guided-wave-based
corrosion assessment, several important limitations still remain insuffi-
ciently addressed. Most existing studies focus on localized defects or
geometrically simplified damage scenarios, such as notches, cracks, wall
thinning regions, or regular thickness variations. Although such con-
figurations are valuable for understanding wave-damage interaction
mechanisms, they do not fully represent the nature of corrosion devel-
oping over extended structural regions, where the thickness distribution
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is highly irregular and spatially heterogeneous. In practical corrosion
scenarios, the guided wave response depends not only on the average
material loss but also on the specific spatial arrangement of local
thickness variations along the propagation path. Consequently, different
corrosion morphologies may correspond to identical global statistical
descriptors while simultaneously producing noticeably different wave
responses.

This issue introduces a fundamental non-uniqueness into the inverse
identification problem and significantly complicating the reliable esti-
mation of corrosion parameters from guided-wave measurements [30].
Although stochastic descriptions of corrosion morphology have been
previously considered in numerical and structural reliability studies,
their implications for guided-wave-based inverse identification remain
largely unexplored. In particular, there is still a lack of methodologies
capable of explicitly accounting for the variability associated with the
stochastic nature of corrosion fields while simultaneously identifying
global corrosion descriptors directly from measured wave responses.

In this work, we address the inherent non-uniqueness of the inverse
problem by introducing a multi-random-field inverse modeling frame-
work for the identification of global corrosion parameters in metallic
plates. The corrosion morphology is represented as a stochastic field
characterized by its mean thickness reduction and standard deviation.
Instead of relying on a single realization, multiple independent re-
alizations of the corrosion field representing variable geometries but
corresponding to the same statistical parameters are generated, and the
resulting guided wave responses are jointly analyzed. By aggregating
information across multiple realizations, the proposed approach effec-
tively samples the stochastic space of corrosion morphologies, thereby
improving the robustness and accuracy of the inverse mapping. It is
important to emphasize that the proposed multi-random-field strategy
also admits a clear physical interpretation. While in the numerical model
multiple realizations of the stochastic field are generated, in practical
applications a similar effect can be achieved by modifying the mea-
surement configuration, for example, through repositioning of the sen-
sors or the excitation source. Such changes result in different wave
propagation paths across the structure, effectively sampling different
spatial distributions of thickness along the propagation trajectories.
Even small variations in sensor location may lead to noticeable differ-
ences in the encountered thickness profiles, and consequently, in the
recorded wave responses. Therefore, multiple realizations considered in
the proposed framework can be interpreted as representing different
effective propagation scenarios associated with the same underlying
statistical corrosion characteristics.

The main contributions of this study can be summarized as follows:
(i) the introduction of a novel multi-random-field strategy for mitigating
the inherent non-uniqueness of guided-wave-based inverse corrosion
identification problems arising from stochastic corrosion morphology;
(ii) the development of an inverse surrogate framework capable of
estimating global corrosion descriptors directly from aggregated guided-
wave response features; (iii) a systematic investigation of the influence
of the number of stochastic field realizations on prediction robustness
and estimation accuracy; and (iv) a comprehensive comparison with
conventional time-of-flight-based identification approaches derived
from dispersion analysis. The obtained results demonstrate that incor-
porating multiple statistically equivalent realizations substantially im-
proves the stability and reliability of the inverse mapping, leading to
significantly lower prediction errors even for a relatively small number
of random field configurations.

2. Materials and methods

This part of the manuscript provides the details of the proposed
multi-random-field inverse modeling approach to reliable estimation of
corrosion parameters. The computational model is outlined in Section
2.1. The corrosion parameter prediction task is formulated in Section
2.2. Section 2.3 elucidates processing of guided wave response signals,
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whereas Section 2.4 defines the inverse regression model. The non-
uniqueness issue is discussed at length in Section 2.5 along with the
proposed mitigation technique. Section 2.6 briefly highlights the
benchmark methodology, which is the time-of-flight-based parameter
identification.

2.1. Modelling of corroded plate and computational model

In this study, corrosion is represented as a spatially distributed
thickness variation over the plate domain. Rather than describing the
surface deterministically, the corrosion morphology is modeled as a
stochastic process to account for both global material loss and local
geometric irregularities [31,32].

The plate thickness is defined as a spatially varying field d(x), where
x € Q denotes a point in the plate mid-surface domain. The field is
decomposed into a deterministic component corresponding to the
average thickness and a stochastic fluctuation term describing
corrosion-induced variability. Specifically, the thickness distribution is
expressed as:

d(x) =d—h+s-Z(x) (€))

where h denotes the mean thickness reduction, s represents the standard
deviation of thickness, and Z(x) is a zero-mean, unit-variance random
field capturing spatial variability associated with corrosion roughness.
The stochastic field Z(x) is assumed to follow a Gaussian distribution and
is characterized by a prescribed spatial correlation structure [33,34].
The correlation between two spatial locations depends on their distance
and is controlled by a correlation length parameter, which determines
the smoothness of the generated corrosion patterns.

To generate realizations of the random field, a truncated
Karhunen-Loeve expansion is employed. This approach enables efficient
representation of spatial variability using a finite number of uncorre-
lated random variables, with the truncation level governing the effective
dimensionality of the corrosion model [32,34]. In practice, a sufficiently
large number of modes is retained to ensure accurate representation of
the spatial statistics. The stochastic field is discretized on a regular grid
and subsequently mapped onto the finite element mesh of the plate. The
local thickness at each mesh node is obtained through interpolation of
the generated field, and the nodal coordinates are adjusted accordingly
to construct a three-dimensional geometry with spatially varying
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thickness.

Wave propagation in the corroded plate is simulated using a finite
element (FE) model implemented in a transient dynamic framework.
The structure is modeled as a three-dimensional solid with isotropic
material properties. The computational domain corresponds to a square
plate with dimensions 500 x 500 mm? and nominal thickness of 4 mm.
The FE discretization is performed using linear hexahedral elements
with reduced integration. The mesh resolution is selected to ensure
sufficient accuracy in capturing wave propagation phenomena, with the
element size chosen relative to the shortest wavelength associated with
the excitation frequency. Time integration is carried out using an
explicit scheme, with the time step determined according to stability
constraints. Guided waves are excited using a tone-burst signal with a
prescribed central frequency of 100 kHz and windowing Hann function.
The excitation is applied at a single point, and the resulting wave re-
sponses are recorded at multiple sensor locations distributed across the
plate surface. Due to the dominance of the fundamental antisymmetric
mode, the out-of-plane displacement component is used for further
analysisAn example realization of the random field used to generate the
irregular plate geometry, together with representative numerical results
in the form of the propagating wavefield and the corresponding time-
domain signals, is shown in Fig. 1.

The guided wave responses are acquired using 16 sensing paths
distributed uniformly along a circular measurement configuration with
a source-to-sensor distance of 150 mm. This arrangement was selected as
a compromise between sufficient wave interaction with the corroded
region and the need to avoid excessive influence of reflections, scat-
tering, and wave attenuation. It should be emphasized, however, that
the sensing configuration itself constitutes an important factor affecting
the information content of the measured wavefield. In practical appli-
cations, the source-to-sensor distance, sensor arrangement, and avail-
able propagation paths may substantially influence the sensitivity of
guided waves to distributed corrosion, as well as the robustness and
interpretability of the extracted response features [35-37]. These as-
pects become particularly important in real engineering structures,
where the sensing configuration is often constrained by structural
complexity, accessibility limitations, and the presence of geometric
discontinuities.

As presented in Fig. 1b and c, the spatial variability of the corrosion
morphology directly affects the recorded guided wave responses

RENSOTS U, Magnitude [m]
+2.157e-09
+7.569e-10
+6.938e-10
+6.308e-10
+5.677e-10
+5.046e-10
+4.415e-10
+3.785e-10
+3.154e-10
+2.523e-10
+1.892e-10
+1.262e-10
+6.308e-11
+3.475e-15

propagating
wavefront

Fig. 1. Numerical simulations of wave propagation in corroded plate-like structures: (a) an example random field used to generate the geometry of the damaged
plate; (b) visualization of wave propagation in a plate with non-uniform surface—wave excitation is applied at the center of the plate, while responses are recorded at
16 sensing points arranged along a circle with a radius of 150 mm from the source; (c) example time-domain signals recorded at the sensing points, illustrating

pronounced asymmetry in the obtained responses.
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through changes in wave velocity, attenuation, dispersion, and scat-
tering phenomena. The acquired signals therefore constitute the basis
for the subsequent feature extraction and inverse modeling procedure
described in the following sections.

2.2. Problem statement

Our objective is to determine the global corrosion parameters,
namely, thickness reduction h and the standard deviation s of thickness
reduction, using the guided wave responses registered by sensors ar-
ranged on a circular pattern surrounding the excitation source. In this
study N = 16 sensors are employed. The source excites a wave propa-
gating towards the sensors at the frequency f = 100 kHz. As explained
earlier, the wave pack properties (time of flight, pack width and
amplitude) depend on the corrosion field morphology. The relationships
between the guided wave response and the parameters h and s are
captured using an inverse data-driven model, which is further used to
predict these corrosion parameters given the sensor outputs.

The corrosion parameter space C is delimited by the lower and upper
bounds hp,i, and hp,ax (for the thickness h) and syin, Smax (for the standard
deviation s), i.e., C = [hmin Amax] X [Smin Smax]. In the demonstration
experiments of Section 3, we took the following values: hyj, = 20%,
hmax = 40%, Smin = 4%, and spax = 20%. The guided wave response
space, denoted as Y, will be defined in Section 2.3. The inverse model S
(): Y - C,y € Y, maps the response space into the corrosion parameter
space, which allows for direct prediction of parameters h and s corre-
sponding to a given sensor output. To ensure reliable prediction, it is
imperative that the model is sufficiently accurate across the space Y, i.e.,
||c@) - S()|| is within the acceptance limit, where c(y) = [h(y) s(y)] are
the “true” corrosion parameter values corresponding to y. The predictive
power of the inverse model will be evaluated using conventional metrics
such as Mean Absolute Error (MAE), Relative MAE (RMAE), and Pearson
correlation coefficient R (cf. Section 3).

One of the main problems in constructing the inverse model is the
fact that there are infinitely many realizations of the stochastic corrosion
field corresponding to the same pair of parameters h and s. This leads to
strong non-uniqueness which translates into limited model’s accuracy.
This is because when building the model, the training data incorporates
one specific realization of the corrosion morphology for each combi-
nation of h and s. The abovementioned non-uniqueness manifests itself
as a numerical noise, and model identification effectively fits the noisy
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data. This issue will be discussed at length in Section 2.5 along with the
proposed mitigation approach.

2.3. Signal processing

The computational model outlined in Section 2.1 produces wave-
forms fi(t), k =1, ..., N5, where t stands for time. The signals fi(t) consists
of the fundamental response (a shifted and scaled copy of the excitation
signal e(t)) and additional components associated with wave reflections
and scattering, cf. Fig. 2(a). In this work, we only consider the
amplitude-normalized primary response. For further processing, each
sensor output is assigned three features related to the Gaussian-like
envelope extracted to match the maxima (tjyxj), j = 1, ..., Kk, of |
fx@®|. These include the mean y, variance o, and amplitude A. The
extraction process has been elucidated in Fig. 3(a), whereas Fig. 2(b)
provides its graphical illustration. However, instead of individual sensor
features (3N in total asin vy =[A; ... Ans 1 ... ins 01 ... O’NS]T), it is more
convenient to use statistical moments thereof as defined in Fig. 3(b),
which—to certain extent—mitigate the non-uniqueness problem
mentioned in Section 2.2.

2.4. Inverse model construction

The foundation of the inverse model is a set of training samples c5®
= [hB(k) sB(k)]T € C,k =1, ..., N, and the associated feature vectors v
5®. Due to low dimensionality of the corrosion parameter space, the
training points are allocated on a rectangular grid uniformly covering
the ranges of interest, i.e., the interval [hpin Amax] X [Smin Smaxl- The
feature vectors are extracted from the outcome of the simulation model
(cf. Section 2.1). For validation, we use an independent set of testing
points ct(k) = [ht(k) st(k)]T, k=1, ..., Ny, allocated on another rectangular
grid, separate from that used for the training data.

The relationship between the mean propagation velocity and
corrosion thickness is close to linear, which results from the fact that,
over the corresponding portion of the dispersion curve, the dependence
of group velocity on the considered thickness range can be reasonably
approximated by a linear function. Consequently, a linear regression
model is the most appropriate for representing the parameters h and s.
Additionally, linear model smoothens out guided wave response varia-
tions due to the inherent randomness of the corrosion distribution field.
Analytical formulation of the inverse model is

1.0
0.5 1
0.0 1=
g
= —0.5 1
g
—-1.0 —— Excitation
—— Guided wave response
A N B Modulus of guided wave response
' B Response maxima
—— Extracted Gaussian curve
—2.0 T T T T T T
0.00 0.02 0.04 0.06 0.08 0.10 0.12 0.14
Time [ms]

(b)

Fig. 2. Excitation signal and guided wave response: (a) excitation with complete response (fundamental and spurious parts, including wave reflections); (b) feature
extraction by fitting a Gaussian curve to the local maxima of the sensor signal modulus. For individual sensors, we identify the time-wise center of the primary

response 4, its temporal width ¢, and the amplitude A.
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Fig. 3. Feature extraction of sensor responses fi(t): (a) extraction process, (b) feature vector consisting of statistical moments of individual sensor features.

S(vs) = [Lh.O Ls.O] + VSTL (2)
where the coefficients Ly o, Ls.g, and a 6 x 2 matrix L are found by solving
the least-square regression problems

sk = [hg“sg“],k —1,..Ny 3

5.

If Ng > dim(vy), i.e., when the system of equations (2) is over-
determined, the coefficients can be found analytically as

|:Lh.0LLs.O :| — (ATA)—IATCB (4)
where
1
A= : V; 5)
1
with Vs = [(s5)" es®)" ... 5N, and
h;}l) 51(31)
Cp = : (6)
h;SNB) SI(ENB>

In Section 3, we will also use a second-order regression model Sy(vs)
= [Lno Lsol + VIL + P(wy)"Ly, where P(vy) is a vector consisting of
second-order monomials of response features, and Ly is a respective
coefficient matrix. The identification of the model is similar to that of S
(vs), therefore, the details are omitted here.

2.5. Mitigating non-uniqueness: Multi-measurement approach

By convention, the training samples cz® for inverse model con-
struction correspond to specific realization of the random corrosion
field. However, as mentioned earlier, any specific pair of thickness
reduction h and its standard deviation s correspond to an infinite number
of distinct corrosion fields. This has been illustrated in Figs. 4 and 5 for
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Megy, , 83.1 11.55
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Fig. 4. Response features (first three entries of vector v;) for 100 different re-
alizations of the stochastic corrosion field corresponding to h = 20% and s =
10%. The picture illustrates non-uniqueness of the inverse modeling problem.
The red dot represents the geometric mean of the feature distribution set.

specific values of h and s. Additionally, Fig. 6 demonstrates the same
problem at the level of individual sensors: depending on the corrosion
morphology, the response features corresponding to each sensor vary,
and so the mean values (at the level of the entire sensor network). For
the complete training set, as illustrated in Fig. 7, the non-uniqueness
problem manifests itself in the roughness of the training point distri-
butions, which is particularly noticeable for the response amplitudes
(the right-hand-side panel) but also the response variance. When the
training points are generated using different realizations of the
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Fig. 5. Response features for 100 realizations of the stochastic corrosion field
for five different corrosion parameters along with their geometric centers.

stochastic corrosion fields (blue vs. green dots), the emerging patterns
are different. This is a practical challenge. On the one hand, the inverse
model cannot be excessively complex because accurate representation of
the training data is pointless given the fact that data acquired from other
corrosion field realization would be different. In this context, simpler
models (such as low-order polynomial ones) are preferred due to their
ability to smooth out these variations. On the other hand, the non-
uniqueness puts a fundamental limit on possible model accuracy as
different realizations of the testing (or measurement) data lead to similar
variations on the model’s predictions.

In this study, the non-uniqueness problem is addressed by building
the inverse model using multi-random-field training data. More specif-
ically, the training samples cB(k) = [hB(k) sB(k)]T € C are obtained as
arithmetic averages of data points acquired for multiple realizations of
the corrosion fields corresponding to the same parameters h and s. For
each pair hB(k) and sB(k), Ny random fields are generated and their cor-
responding feature vectors are extracted as VS.B.j(k), j=1, .., N; The
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averaged feature vectors are v; B(k) = folzjv&Bj(k). As illustrated in
Fig. 8, this has a profound effect on the training data distribution, which
is noticeably regularized even for Ny as small as three, cf. Fig. 8(b). For
Ny = 10, the effects are significant, as shown in Fig. 8(c). The averaging
process is equivalent to estimating the geometric centers of the feature
distribution sets illustrated in Figs. 4 and 5. The impact of multi-random-
field approach on model performance metrics such as RMAE or corre-
lation coefficient will be quantified in Section 3.

At this point, it should be emphasized, that improving the prediction
accuracy also requires that the testing data (or measurement outcome in
practical scenarios) must also be rendered in a multi-random-field
fashion. While it is straightforward at the level of computational
modeling, in practical experimental setup, it requires spatial relocation
of sensors (or the excitation source), through lateral shifts or rotation.
This is because any movement of sensors is equivalent to yielding a
different realization of the corrosion field as the specific corrosion pro-
file on the lines connecting the signal source and the sensors would alter
accordingly.

2.6. Benchmark algorithm

For validation purposes, a reference method based on time-of-flight
analysis of guided wave signals is employed. This approach is a stan-
dard technique used for thickness estimation in plate-like structures and
will be used here as a baseline for comparison with the proposed inverse
modeling framework.

The ToF-based procedure relies on estimating the propagation time
of the incident wave packet between the excitation point and a set of
sensors distributed over the structure. These measurements are used to
determine the effective wave propagation characteristics, which are
subsequently related to the structural thickness through dispersion re-
lationships corresponding to the considered guided wave mode. The
relationship between wave velocity and thickness is governed by the
dispersion characteristics of guided waves, which are obtained numer-
ically for the considered material properties and excitation frequency
range. The mapping from velocity to thickness is performed using pre-
computed dispersion data for the selected wave mode (Fig. 9).

It should be emphasized that the ToF-based method inherently as-
sumes a uniform or weakly varying thickness along the wave propaga-
tion path [38]. In practice, this implies that the estimated wave velocity

e
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(%)
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- = -
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o © =]
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(b)

Fig. 6. Preprocessed sensor signals for Ny = 16 and guided wave responses obtained for ten realizations of the stochastic corrosion fields corresponding to h = 30%
and s = 10%: (a) extracted response features for individual sensors, (b) mean values of features across the sensor set. The figure illustrates the variability of the guided
wave responses associated with different realizations of the stochastic corrosion morphology.
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2.00
175
1.50
1.25

o
~N o
v o
Mean response amplitude

Fig. 7. Response features (mean response center — left, mean response variance — middle, mean response amplitude — right) corresponding to different corrosion
parameters (h and s) distributed within the range of interest [Amin, Amax] X [Smins Smax].- Green and blue dots correspond to different realizations of the stochastic
corrosion fields. Observe that the distributions for response variance and amplitude are significantly different due to the non-uniqueness issue illustrated in Figs. 4-6.

corresponds to an effective value averaged over the entire propagation
trajectory. Consequently, the inferred thickness can be interpreted as a
path-averaged quantity rather than a direct representation of the actual
spatial distribution of material loss.

In the case of distributed corrosion, where thickness variations are
spatially complex and exhibit stochastic characteristics, this assumption
becomes only approximate. Different propagation paths may traverse
regions with significantly different local thickness profiles, leading to
variability in the recorded signals. As a result, the ToF-based estimates
obtained from different sensing directions are generally inconsistent and
reflect directional averaging effects rather than true local geometry.

This effect is further illustrated by the observed asymmetry of the
recorded waveforms (cf. Fig. 1¢), which indicates that wave propagation
is strongly influenced by local variations in thickness and surface
morphology. Consequently, each sensor measurement may lead to a
different effective thickness estimate, even for the same global corrosion
parameters.

3. Results

This section provides numerical verification of the proposed multi-
random-field inverse modeling methodology. The predictive perfor-
mance of the surrogate is quantified using standard metrics such as
mean absolute error and correlation coefficients. We also investigate the
effects of incorporating different numbers of random field realizations
on the model’s predictive power and compare our approach to the
benchmark method (time-of-flight technique). The material is divided
into three parts. The experimental setup is outlined in Section 3.1.
Section 3.2 puts together the results. Section 3.3 summarizes the key
observations.

3.1. Experimental setup

The inverse model is constructed using the dataset cB(k) = [hB(k)
sB(k)]T, k =1, ..., Np, outlined in Section 2.5, and validated using the
testing points ct(k) = [ht(k) st(k)] T k=1, ..., N, In this study both datasets
are subsets of the points allocated on a 16 x 9 grid, corresponding to h €
{20, 22, ..., 48, 50}, and s € {4, 6, ..., 18, 20}. The training subset
contains 40 points obtained for all combinations of h € {20, 24, 28, 32,
36, 40, 44, 50} and s € {4, 8, 12, 16, 20}, whereas the testing subset
encapsulates the remaining points from the original grid (114 samples in
total).

The model predictive power is quantified using a Relative Mean
Absolute Error (RMAE), a Mean Absolute Error (MAE), and the Pearson
correlation coefficient (R), defined as follows:

1
22kt % — Yl
RMAE ==kl 70 7
%Zk:lxk @
1 n
MAE:HZ|xkfyk| ®
k=1
R— S =X 0 — ) ©)

S -3 e — )
k=1 k=1

where x; and yi are predicted and actual values, whereas X and y are
their mean values.

3.2. Results and verification

The numerical results obtained for the benchmark approach (time-
of-flight-based identification) and the proposed multi-random-field in-
verse modeling are encapsulated in Table 1. The predictive power of the
inverse model rendered using single-random-field approach (or Ny = 1)
is juxtaposed against the multi-field approach with different Ny = 3, 5,
and 10. Furthermore, the linear model is compared to the quadratic one
for the same numbers of random field realizations. Meanwhile,
Figs. 10-14 illustrate the scatter plots for the techniques considered.

3.3. Discussion of results

The results obtained in this study provide clear evidence that the
proposed inverse surrogate framework is highly effective for estimating
global corrosion parameters in metallic plates. In all considered cases,
the inverse-model-based approach yields markedly better prediction
accuracy than the conventional time-of-flight-based methodology. This
remains true even for the simplest variant of the surrogate, i.e., the
linear model constructed using a single realization of the stochastic
corrosion field. For this case, the obtained errors are already relatively
low, with RMAE equal to 3.7% for thickness reduction h and 17.5% for
the standard deviation s, accompanied by correlation coefficients of
0.983 and 0.844, respectively. These figures indicate that even a single-
realization inverse model captures substantially more information from
the guided wave responses than the benchmark approach based solely
on effective wave velocity.

A central finding of this work is the demonstrated importance of
multi-random-field averaging. Incorporating multiple realizations of the
stochastic corrosion morphology, while keeping the same global pa-
rameters h and s, leads to a systematic reduction in prediction error and
a simultaneous increase in correlation. For the linear model, averaging
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Fig. 8. Response features (mean response center — left, mean response variance — middle, mean response amplitude — right) corresponding to different corrosion

parameters (h and s) distributed within the range of interest [hmin, Amax] X [Smin, Smax]: (@) one random field realization per parameter pair, (b) average of three
random field realizations, (c) average of ten random field realizations. Observe that increasing the number of random fields (per corrosion parameter pair) smoothens

the surfaces facilitating a construction of the inverse model and mitigating the non-uniqueness issue.

over three realizations improves the RMAE for thickness reduction from
3.7% to 2.5%, while the corresponding MAE decreases from 1.3% to
0.9%, and the correlation coefficient increases from 0.983 to 0.993. For
the standard deviation parameter s, the improvement is also significant,
with RMAE reduced from 17.5% to 13.0%, MAE from 2.1% to 1.6%, and
correlation increasing from 0.844 to 0.928. These results show that the
proposed multi-random-field strategy is already highly beneficial at a
relatively small ensemble size.

Further increasing the number of realizations to five leads to another
noticeable improvement. In the case of the linear surrogate, the RMAE
drops to 2.1% for h and 11.5% for s, while the MAE reaches 0.8% and
1.4%, respectively. At the same time, the correlation coefficients

increased to 0.995 for the thickness reduction and 0.940 for the thick-
ness standard deviation. This consistent improvement confirms that
averaging over multiple realizations effectively suppresses realization-
specific fluctuations in the response and allows the inverse model to
better capture the underlying relationship between the measured signal
features and the global corrosion parameters.

The best overall performance is obtained for the largest ensemble
size considered, i.e., Ny = 10. For the linear surrogate, this already yields
excellent results, with RMAE equal to 1.9% for h and 10.2% for s, and
corresponding MAE values of 0.7% and 1.2%. The associated correlation
coefficients, 0.996 and 0.955, indicate extremely strong agreement be-
tween the predicted and reference values. These results clearly
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Table 1
Corrosion parameter prediction using the multi-random-field inverse model and
benchmark.

Model Accuracy metric
Thickness reduction h Standard deviation s
RMAE" MAE R RMAE" MAE R
Benchmark (time-of- 18.1% 6.3% 0.732 38.4% 4.6% 0.447
flight-based
identification)
Linear (single-random- 3.7% 1.3% 0.983 17.5% 2.1% 0.844
field)
Linear (multi-random- 2.5% 0.9% 0.993 13.0% 1.6%  0.928
field Ny = 3)
Quadratic (multi- 3.3% 1.1% 0.985 13.4% 1.6% 0.902
random-field Ny = 3)
Linear (multi-random- 2.1% 0.8%  0.995 11.5% 1.4%  0.940
field Ny = 5)
Quadratic (multi- 1.5% 0.5% 0.997 11.0% 1.3%  0.942
random-field Ny = 5)
Linear (multi-random- 1.9% 0.7% 0.996 10.2% 1.2% 0.955
field Ny = 10)
Quadratic (multi- 1.4% 0.5%  0.997 7.0% 0.9%  0.975

random-field Ny = 10)

# RMAE expressed in percent is the relative error of estimating the percentage
of h and s, also expressed in percent. Example: for RMAE = 5% and estimated h
of 30%, the error is & 1.5% (i.e., the true value is between 28.5% and 31.5%).
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demonstrate that as the number of realizations increases, the inverse
problem becomes effectively better conditioned, and the prediction of
global corrosion parameters becomes more stable and reliable.

An important additional observation concerns the role of the surro-
gate model structure. The results indicate that the quadratic model does
not provide a uniform improvement for all ensemble sizes. In particular,
for Ny = 3, the quadratic surrogate performs worse than the linear one.
For thickness reduction, the RMAE increases from 2.5% to 3.3%, the
MAE from 0.9% to 1.1%, and the correlation drops from 0.993 to 0.985.
A similar, although less pronounced, degradation is also observed for the
standard deviation parameter. This behavior suggests that, for a rela-
tively small number of realizations, the quadratic model possesses too
many degrees of freedom relative to the amount of regularized infor-
mation available in the training data. As a result, the model tends to fit
realization-dependent fluctuations rather than the underlying trend,
which leads to reduced generalization capability.

At the same time, the quadratic surrogate becomes advantageous
once the number of realizations is sufficiently large. For Ny = 5, the
quadratic model already outperforms the linear one in terms of thickness
prediction, reducing the RMAE from 2.1% to 1.5% and the MAE from
0.8% to 0.5%, while slightly improving the correlation coefficient from
0.995 to 0.997. For the standard deviation s, the improvement is smaller
but still visible. The most pronounced gains are obtained for Ny = 10,
where the quadratic surrogate delivers the best results among all tested
models. In this case, the RMAE is reduced to 1.4% for thickness
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Fig. 10. Scatter plot for the benchmark technique. The solid line indicates the identity function.
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Fig. 12. Scatter plots for the corrosion parameter prediction techniques based on inverse model (multi-random-field approach with Ny = 3): (a) linear model, (b)
quadratic model). The solid line indicates the identity function.

reduction and 7.0% for the standard deviation, while the MAE reaches

only 0.5% and 0.9%, respectively. The correlation coefficients equal
0.997 for h and 0.975 for s, which indicates near-perfect prediction for
thickness reduction and exceptionally strong predictive performance

also for the roughness-related parameter.

From a physical standpoint, the observed improvement associated

with increasing Ny can be interpreted in terms of sampling multiple
effective propagation scenarios. Each realization of the stochastic
corrosion field corresponds to a different spatial arrangement of local

thickness variations. Consequently, the wave interacts with a different

10
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quadratic model). The solid line indicates the identity function.

sequence of local geometrical features along the source-sensor trajec-
tory, which affects the measured signal through changes in delay,
attenuation, pulse broadening, and scattering. When only a single
realization is used, the inverse model is forced to learn from data that
contains a strong realization-dependent component. In contrast, aver-
aging over several realizations suppresses this component and empha-
sizes those response characteristics that are consistently related to the
global parameters h and s. This explains why the inverse mapping be-
comes more stable as the number of realizations increases.

The obtained results also provide further insight into the relative
difficulty of estimating the two corrosion parameters. In all cases, the
thickness reduction h is identified more accurately than the standard
deviation s. This is consistent with the physical interpretation of the
signal features. The mean corrosion level primarily affects the overall
propagation delay and therefore has a strong and relatively direct in-
fluence on the extracted wave packet location. By contrast, the standard
deviation is related to local roughness, which influences the signals in a
more indirect and distributed manner, mainly through scattering,
attenuation, and waveform distortion. As a consequence, s is inherently
more difficult to identify and requires richer information content in the
training data, as well as stronger averaging of stochastic variability.

The results also highlight the limitations of conventional ToF-based
approaches. As discussed in Section 2.6, such methods effectively pro-
vide a path-averaged estimate of thickness and are therefore unable to
represent the full spatial complexity of distributed corrosion. In struc-
tures with stochastic thickness variations, different propagation

Standard deviation of thickness (true) [%]

(b)

Fig. 13. Scatter plots for the corrosion parameter prediction techniques based on inverse model (multi-random-field approach with Ny = 5): (a) linear model, (b)

11

directions may lead to different effective velocities and thus different
inferred thicknesses, even when the underlying global corrosion pa-
rameters remain the same. This directional inconsistency is reflected in
the observed asymmetry of the recorded waveforms and explains why
ToF-based methods are fundamentally limited in the present
application.

From a practical perspective, the proposed methodology offers a
realistic route toward experimental implementation. Although the pre-
sent study uses multiple stochastic field realizations generated numeri-
cally, their physical counterpart may be interpreted as multiple
measurements corresponding to slightly different source-sensor con-
figurations. In practice, this can be achieved by repositioning sensors,
shifting the excitation point, or performing measurements for several
neighboring trajectories across the same inspected area. Even small
modifications of the measurement configuration alter the effective
thickness distribution encountered along the propagation path and thus
provide additional information about the stochastic character of the
corrosion field. In this sense, the proposed multi-random-field frame-
work is not merely a numerical device, but a practically meaningful
strategy for improving the reliability of corrosion assessment in real
inspection scenarios.

4. Conclusion

This work presented a novel inverse modeling framework for the
identification of global corrosion parameters in metallic plates, based on
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Fig. 14. Scatter plots for the corrosion parameter prediction techniques based on inverse model (multi-random-field approach with Ny = 10): (a) linear model, (b)

quadratic model). The solid line indicates the identity function.

guided wave responses and multi-random-field modeling. By repre-
senting corrosion morphology as a stochastic field and combining this
description with data-driven surrogate models, the proposed approach
enables reliable estimation of both mean thickness reduction and its
spatial variability. A key aspect of the study is the explicit treatment of
the inherent non-uniqueness of the inverse problem. Instead of
attempting to reconstruct a single realization of the corrosion field, the
proposed methodology focuses on identifying its global statistical de-
scriptors. The introduction of the multi-random-field strategy allows for
effective mitigation of non-uniqueness by aggregating information from
multiple realizations corresponding to the same parameter set. This
leads to a more stable and well-conditioned inverse mapping between
guided wave response features and corrosion parameters.

The obtained results demonstrate that the proposed approach
consistently outperforms conventional time-of-flight-based identifica-
tion methods. In particular, it enables significantly improved estimation
accuracy while avoiding simplifying assumptions related to uniform
thickness or path-averaged wave propagation. The study also shows that
increasing the number of realizations used in the model construction
leads to substantial improvements in predictive performance. From a
methodological standpoint, the work confirms that relatively simple
surrogate models, such as linear regression, can provide robust and ac-
curate predictions when combined with appropriate data regularization.
At the same time, more flexible models can further enhance perfor-
mance, provided that sufficient information is available through multi-
realization averaging.
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An important advantage of the proposed framework is its clear
physical interpretability and practical applicability. Although the
methodology is formulated in terms of stochastic field realizations, its
experimental counterpart can be naturally implemented by performing
measurements for different source-sensor configurations. In this context,
repositioning sensors or modifying excitation locations effectively cor-
responds to sampling different propagation paths and, consequently,
different realizations of the thickness distribution encountered by the
wave. This makes the proposed approach directly applicable in real-
world inspection scenarios without requiring reconstruction of the full
corrosion field. In practical applications, additional environmental and
operational factors, such as temperature variations, sensor coupling
conditions, contamination, and medium properties, may also influence
guided wave propagation and should therefore be incorporated in future
experimental investigations.

It is also worth noting that, in the present study, the guided wave
excitation was limited to a single frequency. This can be considered a
practical advantage, as it simplifies both the measurement setup and
data interpretation. The selected excitation frequency was not arbitrary,
but rather based on prior analyses indicating its suitability for capturing
thickness-related effects in the considered configuration. At the same
time, the choice of excitation parameters constitutes an additional de-
gree of freedom that may further enhance the performance of the pro-
posed framework. In particular, the future investigation of optimal
excitation frequency or multi-frequency excitation strategies could
provide improved sensitivity to different aspects of corrosion
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morphology, especially with respect to parameters related to spatial
variability.
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