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� Instantaneous phase characteristics of
guided waves contain a rich source of
information for defect
characterisation.

� Gaussian process regression
technique is capable of predicting the
real defect depth with a large-scale
simulated dataset.

� Gaussian process regression can
successfully estimate the depth of
wide defects (�100% of wavelength)
in practice.
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Ultrasonic Guided Waves (UGW) offer the possibility of inspecting a strip across a structure rather than
just the point under a traditional bulk wave transducer. This can increase the rate of inspection and
enable inspection under obstructions. This paper investigates the instantaneous phase characteristics
of the shear horizontal guided waves for various defect depths and widths. The Gaussian process regres-
sion is then evaluated for estimating the minimum remaining wall thickness between a pair of transduc-
ers. A Gaussian process regression model is built using the fusion of large-scale simulated and low-scale
real experimental data. For this purpose, a more precise model of an electromagnetic acoustic transducer
is initially built by integrating both electromagnetic and elastic wave fields. Then the simulated data set is
built after having been calibrated using a genetic algorithm. The examination of an unseen simulated
evaluation data set shows that 96 % of data has an error during thickness gauging of less than 10 per cent
of wall thickness. Finally, an experimental testing data set containing three different defects with depths
of 3.7, 5.7 and 9.2 mm was examined, resulting in a good depth prediction of large defects with less
than 1 mm error for defects wider than one wavelength.
� 2022 The Authors. Published by Elsevier Ltd. This is an openaccess article under the CCBY license (http://

creativecommons.org/licenses/by/4.0/).
1. Introduction

According to a study by the National Association of Corrosion
Engineers, corrosion is predicted to cost the global economy
around $2.5 trillion annually, see in [1]. In order to avoid any catas-
trophic failures, materials and structures should be regularly eval-
uated to identify corrosion defects that may drastically change
their mechanical properties in service [2]. Conventional ultrasonic
NDE for the in-situ corrosion thickness gauging of a sample is typ-
ically carried out in a point-by-point manner using an ultrasonic
bulk wave transducer, where the probe is scanned over every point
on the surface. This method is the most suitable for some applica-
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tions due to the small inspection area of the sample under investi-
gation and the potentially high measurement accuracy. However,
point-by-point inspection, which generates a huge amount of data
with low information content, is a time-consuming approach for
inspecting larger industrial assets such as the storage tanks/pipeli-
nes that can be found in the oil and gas and power industries.
Mobile robotic platforms are commonly replacing manual inspec-
tion methods to make this ultrasonic point-by-point inspection
more efficient; however, by its very nature point by point inspec-
tion will always be time-consuming [3,4].

A potential NDT solution without the constraints of traditional
bulk ultrasound is to take advantage of ultrasonic guided waves
(UGW), which are suitable for mid/long-distance inspection [5],
material characterisation [6,7] and structural health monitoring
[8]. This class of waves is appropriate for use on curved/irregular
surfaces [9], such as composite skin-stringer materials [10], which
can be complicated when using bulk wave techniques. UGWs are
supported by the upper and lower surfaces of the component
under inspection. Unlike ultrasonic bulk waves, guided waves
can also be used to inspect and detect defects such as corrosion
in inaccessible regions. Khalili and Cawley have conducted com-
prehensive research on selecting guided wave modes in [11]. They
reported that the first shear horizontal (SH1) wave mode experi-
ences a significant reflection from a wide-area gradual thinning
defect as the minimum remnant thickness of the notch is below
its cut-off frequency-thickness product. In contrast, the A1 Lamb
wave mode offers the best performance for inspecting sharp severe
defects. Electromagnetic acoustic transducers (EMATs) are increas-
ingly used to generate shear horizontal ultrasonic guided waves
[9]. In contrast to contact piezoelectric ultrasonic transducers,
EMATs can be used on conductive materials without any surface
preparation or couplant, making them more appropriate for in-
field inspection of industrial assets. Shear horizontal ultrasonic
guided waves avoid much of the signal attenuation related to the
liquid loading, which is problematic for most Lamb wave modes
and is straightforward to generate with an EMAT [12].

Multiple factors should be considered for an effective and effi-
cient ultrasonic-guided wave inspection process, summarised in
Fig. 1. These data acquisition strategies include;

(a) excitation factors such as the transducers, wave mode, exci-
tation frequency, measurement setup, etc.

(b) the feature extraction and its linear and nonlinear damage
sensitive properties

(c) data visualisation strategies such as tomographic imaging or
statistical models.

For example, Khalili and Cawley [11] considered both pulse-
echo and pitch-catch modes to extract amplitude-based parame-
Fig. 1. A schematic diagram of multiple factors involved
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ters of the recorded waveforms. Huthwaite [13] explored the phase
velocity of multiple recorded signals scattered from a defect in the
frequency domain to present a thickness map of the structure
under inspection. Extraction of nonlinear ultrasonic signatures
such as harmonics has also been reported in [14] in a pitch-catch
measurement to identify and localise defects. To this day, there
is no one simple, well-established solution for UGW inspection.
UGW research is going on to explore the involved factors in iden-
tifying the most robust parameters for the UGW inspection for dif-
ferent application scenarios.

Guided waves are still considered mainly as qualitative ultra-
sonic testing primarily for screening purposes. For instance, simple
guided wave inspection results still lack the required information
to determine the type of defects present and their characteristics,
such as the schematic defect in Fig. 2, although plenty of robust
signal processing techniques have been developed to identify the
existence and location of defects [14]. The dimensions of the defect
such as its depth and lateral extent, are needed for estimating the
remaining useful life of the structure under inspection. Therefore,
this research aims to investigate a data-driven approach for a
quantitative guided wave-based inspection system that can have
applications in different industries such as manufacturing, oil
and gas and energy. Knowing defect characteristics, the system
can then predict the remaining useful life of the structure.

A number of publications have reported on the determination of
remaining wall thickness using UGW and a simple pitch-catch or
pulse-echo measurement. Different damage sensitive properties,
including the cut-off frequency [15], phase/group velocity, reflec-
tion and transmission coefficients have also been evaluated.

Table 1 summarises the content of several publications. Differ-
ent types of investigation have been reported; for example, Ref.
[16,17] use a wide range of wavelengths to investigate the cut-
off frequency of the SH1 mode, and one needs to design a cus-
tomised EMAT to provide this range of wavelengths (#1&2). Ref
[18] (#8) used SH0 and SH1 waves and classified the defects into
three categories of low, medium and high severity, while ref [19]
(#9) investigated the correlation between some features and the
defect depth/length. Based on this literature review, the available
physics-based approaches are not yet completed nor well-
established to estimate the remaining part of defects using stan-
dard EMATs and ultrasonic techniques.

Machine learning techniques such as shallow and deep neural
networks and Gaussian process regression [28] are being investi-
gated for non-destructive testing and evaluation (NDT&E) and
structural health monitoring purposes (SHM) in the context of
ultrasonic inspection [29,30]; however, this technology is still in
the early stage of research and development. A number of ML pub-
lications have been reported on the optimisation of data acquisi-
tion strategies [31], artefact suppression [32], damage detection
in an efficient ultrasonic guided wave inspection.



Fig. 2. Schematic cross-section of a pitch-catch measurement set up to measure the
minimum remaining wall thickness using guided waves, T and R stand for
transmitter and receiver in the pitch-catch mode.
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[33,34] and damage classification [35]. In the context of damage
quantification, Paixão et al. have explored the quantification of a
delamination area in a composite structure using a Gaussian Pro-
cess Regression (GPR) model [36]. Damage sensitive features are
extracted by autoregressive models and Mahalanobis squared
distance.

As can be observed in Table 1, machine learning (ML)-based
approaches [37] have also recently emerged in this area as a poten-
tial solution to address the defect depth; however, a large amount
of labelled data for training is required. In practice, the collection of
substantial labelled data is often expensive or even impractical in
many NDT applications. To tackle this issue, the training process
is mainly carried out using simulated data modelled in finite ele-
ment method (FEM) software. Compared with real-world data,
simulated data has the following advantages: a) cost-effective, b)
easier to label, c) faster and practically scalable, and d) less wear
and tear of transducers and inspection systems. Synthetic data sets
generated from cloud-based FEM simulations can be created in
hours using software platforms such as OnScale [38].

This manuscript brings together experimental observations and
simulations in a logically connected way for the in-situ studies of
structural integrity. The authors have previously investigated the
integration of robotic vehicles with ultrasonic guided waves gener-
ated by non-contact transducers such as EMAT [39,40] and air-
coupled transducers [41] in order to enhance the inspection pro-
cess, measurement repeatability and the ability to access certain
hazardous locations. This was followed by an investigation of
guided wave mapping techniques such as Bayesian occupancy grid
mapping to interpret SH ultrasonic data better using robotic plat-
forms [42,43]. This research extends the authors’ previous studies,
creating a richer ultrasonic mapping of structures by characterising
defects on the fly as the robot navigates on the structural assets.
The contribution of this paper is an estimation of the minimum
remaining wall thickness using shear horizontal guided waves in
a pitch-catch mode, using a novel combination of GPR and SH
guided waves. The final aim is to integrate this technique into a
crawler-based inspection system for autonomous large area
inspection, equipped with a pair of generation and reception trans-
Table 1
A summary of publications in determining the remaining wall thickness using UGW in a

(#) Transducer Evaluated wave mode Extracted feature

1 EMAT SH1 Cut-off frequency
2 EMAT SH1 Cut-off frequency

3 EMAT S0 Phase spectrum
4 Dry coupled waveguide

transducers
High order shear
horizontal modes

Cut-off frequency

6 EMAT High order shear
horizontal modes

Cut-off frequency

5 Wedge transducer High order lamb wave
modes

Transmission and refle
mode conversion

7 EMAT S0 Average energy/group

8 EMAT SH0/SH1 Statistical features in
transmission coefficie

9 Air-coupled A0, S0 and A1 Mode cut-off/frequenc
flight
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ducers to highlight areas of significant wall loss using guided
waves, and provide defect characteristics such as the defect depth.
The specific novelty of the paper can be summarised as follows:

� Evaluation of instantaneous characteristics of UGW signals as a
function of defect depth and width.

� Demonstration that the Gaussian Process Regression (GPR)
technique can be used as a new estimation method to predict
the remnant wall thickness using large-scale simulation data.

� Demonstration that the simulated GPR model can be used for
estimating the remnant wall thickness of wide defects �
100 % of wavelength using SH0 wave mode in practice.

The remainder of this paper is organised as follows: Section 2
provides general background on Gaussian process regression. Sec-
tion 3.3.1 presents the implementation of the finite element anal-
ysis (FEA) model to simulate the SH guided waves, the evaluation
of different signal features as a function of defect depth and width,
and the analysis of the testing data set to obtain the GPR model.
Section 3.1.4 details the processing steps to extract the instanta-
neous features and the evaluation of remnant thickness using the
simulated data set. Section 4 covers the experimental evaluation
of the algorithm and investigates the feasibility of exploring the
simulated GPR model to predict the minimum remaining wall
thickness of defects in an experiment. Section 5 concludes this
paper and notes the limitations of the proposed algorithm as well
as future areas of relevant work.

2. Theoretical background on Gaussian process regression

The Gaussian process (GP) is a probabilistic supervised machine
learning framework that has been widely exploited for regression
and classification tasks [44,45]. A Gaussian process is defined by
its mean and covariance function (kernel function). In Gaussian
process regression (GPR), the data can be divided into the training
data ðXÞwith the corresponding known output ðyÞ, and testing data
ðX�Þ with the corresponding unknown output ðy�Þ. Their prior
mean mð:Þ and covariance Kð:; :Þ is expressed as the joint distribu-
tion [45]:

y

y�

� �
N

mðXÞ
mðX�Þ

� �
;

K X;Xð Þ KðX;X�Þ
K X�;Xð Þ KðX�;X�Þ

� �� �
; ð1Þ

where K X;X�ð Þ denotes the matrix of covariances evaluated at all
pairs of training and testing points, K X;Xð Þ and KðX�;X�Þ the covari-
ance between the individual variates within X and X�, respectively,
y is the noise-free observations under training input X, and y� is the
simple pitch-catch and/or pulse-echo mode.

Comments Ref

Wide Wavelength [16]
Wide Wavelength / reference-
based

[17]

Reference-based [20,21]
[22,23]

Fixed Wavelength [25,26]

ction coefficient/ [24]

delay/phase delay Multi-frequency/ MLP (multilayer
perceptron)

[27]

addition to the reflection and
nts

MLP (multilayer perceptron) [18]

y shift/group velocity/ time-of- [19]
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noise-free output under the test input X�. Once the GP prior is spec-
ified, the GP posterior can predict the testing output. It can be
defined by the conditional distribution as below:

pðy�jX�;X; yÞ Nðm� y�ð Þ; K� y�ð ÞÞ; ð2Þ

m� y�ð Þ ¼ m X�ð Þ þ K X�; Xð ÞK X;Xð Þ�1 ðy�m Xð ÞÞ; ð3Þ

K� y�ð Þ ¼ K X�;X�ð Þ � K X�; Xð ÞK X;Xð Þ�1 K X;X�ð Þ; ð4Þ
where m� and K� are the posterior mean and its covariance.

An exponential covariance function with automatic relevance
determination (ARD) is used for this purpose as follows:

cov xp; xq
� � ¼ kðxp; xqÞ ¼ r2

f exp �rð Þ; ð5Þ

r ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXd

m¼1

xpm � xqm
� �2

r2
m

vuut ; ð6Þ

where the hyperparameters of r2
f and rm are signal variance and a

separate length scale for each predictor m; m ¼ 1;2; � � � ;d: xp is a
sample input point and xq is some other sample input point within
the data set.

3. Materials and methods

3.1. Finite element analysis

Fig. 3 shows a schematic of a pitch-catch measurement setup
used in the simulation. The simulation was built using a 10 mm
Aluminium sample to be consistent with an available experimental
sample for estimating the remaining wall thickness. In order to
reduce the computational time, a quarter of the model was consid-
ered, making use of symmetry. The mesh of the model is rectangu-
lar with an element size of 1 mm, except in the defect region of the
plate, where the mesh is finer with a size of 0.5 mm. This was car-
ried out by a ‘‘glue” command in OnScale. Particle velocity in the x-
direction (in-plane component, see Fig. 3) was measured for
evaluation.

In order to make a calibrated model of the measurement sys-
tem, the finite element simulation consists of the three following
sections:

� Simulation of periodic permanent magnet (PPM) EMAT in COM-
SOL Multiphysics� [46] to calculate a more accurate Lorentz
force distribution rather than using a uniform distribution [47].

� Three-dimensional finite-element simulations of ultrasonic
wave propagation in OnScale using inputs generated by
COMSOL.

� Optimisation of simulated parameters using the incorporation
of genetic algorithm and OnScale software.
Fig. 3. Schematic of a pitch-catch measurement set up
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Note that simulation involves electromagnetic and wave prop-
agation studies [25]. In this paper, the electromagnetic part was
calculated in COMSOL to calculate the Lorentz force distribution,
and the 3D wave propagation part in OnScale to reduce the compu-
tational time.
3.1.1. Simulation of PPM EMAT
To obtain an accurate representation of the Lorentz force field,

the electromagnetic interaction of a PPM EMAT with the sample
under inspection was modelled in COMSOL. This is a crucial step
since the simulated data forms the foundation of the training data-
set for the machine learning algorithm and, therefore, must match
the data produced experimentally. The Lorentz forces are given by:

F
*

¼ Je
*

� B0

*

; ð7Þ

where B0 is the static magnetic field and Je the eddy current induced
on the plate [48]. Note that the terms appearing on the right-hand
side of equation (7) are independent of each other. Therefore, two
separate sub-models, simulating the magnetic field of the trans-
ducer and the eddy current density induced by the coil on the sam-
ple were developed.

The first sub-model, developed using COMSOL’s magnetic fields
interface, computes the magnetic field distribution, see Fig. 4,

through the curl of the magnetic vector potential, A
*

,

B0

*

¼ r� A:
*

ð8Þ
This 3D model simulation of an EMAT was set up to mimic the

EMAT we used in the experiment with two rows of 6 magnets, each
with alternating polarity and a spacing of 2.5 mm along the prop-
agation direction (Z). The magnets are identical with a remanent
flux density Br ¼ 0:21 T and relative permeability lr ¼ 1. The geo-
metrical dimensions are given in Table 2. The magnets are sur-
rounded by an air volume of 83 � 50 � 27 mm in the COMSOL
model. Note that the spacing between the centre of magnets with
the same polarity orientation is 25 mm in order to generate SH
waves with a 25 mm wavelength. A rectangular mesh with an ele-
ment size of 1 mm was used in this simulation to be consistent
with the mesh size of wave propagation.

The second sub-model considers the action of the coil on an alu-
minium plate. This 2D simulation models the middle cross-section
of the plate and the coil. For simplicity, the coil was modelled as
two rectangles with dimensions of 20 mm (corresponding to half
the length of the actual EMAT coil) by 0.315 mm (related to the
diameter of the coil used in the EMAT), as shown schematically
in Fig. 5. These two rectangular coils correspond to the alternating
current inside a racetrack EMAT coil.

To increase the accuracy of the simulation, a custom coefficient
form PDE (partial differential equation) [49] scheme was devel-
on a 10 mm thick Aluminium sample in OnScale.



Fig. 4. Simulated distribution of the magnetic field of a PPM EMAT generated by
COMSOL, the green region indicates the air volume in dimensions of 83 � 50 mm.
(For interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)

Table 2
Geometry and the magnetisation direction of the magnets. The length corresponds to
the X dimension, the width to the Z, and the thickness to the Y (see Fig. 3 for the axis
system).

Length (mm) Width (mm) Thickness (mm) Magnetisation

20 10 10 Thru thickness (Y)
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oped to model the complete equation of the source current density
[50],

�div 1
l
gradAz þ r @Ay

@t
¼ iR tð Þ

S
þ r

S
@

@t

ZZ
Rk

Ayds; ð9Þ

Where, r, Ay; S are permeability, conductivity, the y component (see
Fig. 3) of the magnetic vector potential, and cross-sectional area of
the coil, respectively. The output signal of a RITEC RPR-4000 Pulser/
Receiver system (RITEC Inc., Warwick, RI) was replicated in simula-
tion to be used as a current input, iR tð Þ. The mesh is rectangular with
an element size of 1 mm to be consistent with the wave propaga-
tion, except when considering the skin depth of the plate under-
neath the coil where the mesh is finer with the size of 0.07 mm
to ensure that there is a sufficient number of elements to resolve
the skin effect. Ultimately, this model computes the eddy current
distribution at the surface of the plate [48]:

Jey ¼ �r @Ay

@t
ð10Þ

The Lorentz forces were then calculated using equation (7),
which are the primary source of the shear horizontal wave excita-
tion. The Lorentz force distribution at the sample surface was
finally fed into OnScale as the excitation input for the 3D ultrasonic
wave simulation, generating models such as the one shown in
Fig. 6a. Throughout this research, the samples were excited with
a sinusoidal 3-cycle tone burst at 128 kHz (25 mm wavelength)
to generate a dominant SH0 wave mode., see Fig. 6b. For the sake
of presentation, the x-symmetrical part of the model is turned on
in the OnScale simulation.

3.1.2. Optimisation of material parameters in simulation
Besides the simulation of PPM EMAT, the uncertainty in the

sample parameters and the measurement setup may also have
Fig. 5. A cross-section schematic of sub-model geometry along the propagation direction
alternating current of a racetrack coil.
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an impact on the generated SH signal. These simulation parameters
include density, longitudinal velocity, shear velocity, damping of
the sample under inspection and the separation distance between
EMAT generator and receiver. In real-life scenarios, depending on
the inspection purposes, other parameters such as temperature
may also need to be taken into account. To gain insight into how
much the aforementioned parameters impact the SH signals, the
parameters were individually varied by ten per cent in the simula-
tion, with the impact shown in Fig. 7. The difference between the
original signal and the new simulated signal was quantified by
the signal difference coefficient (SDC) defined in equation (12).
The interaction effect of stimulation parameters was not consid-
ered here. Fig. 7 shows that variations in separation distance and
shear velocity have the most significant impact on the generated
SH signal. In contrast, density variation has the least effect, as
shown by the zoomed-in section of the figure presented in Fig. 7
(b). It is also obvious that shear velocity and shear attenuation
has a higher impact than their longitudinal counterparts. This is
expected as we are dealing with a shear horizontal wave mode.

In real-life scenarios, these values contain some uncertainty and
are found either by measuring them through experiments or look-
ing them up in standards and/or in the literature. Therefore, these
values with the corresponding uncertainties were fed into an opti-
misation genetic algorithm (GA) to find optimal parameters that
closely match the available experimental SH data from the intact
state of the material, with the process shown in Fig. 8, giving the
optimal values of the parameters discussed in Fig. 7. The combina-
tion of FEM and genetic algorithm simply helps to find an opti-
mised set of structural parameters [52]. The shear and
longitudinal parameters were initially estimated experimentally
using a pulse-echo method. This estimation was then fed into the
GA with some level of uncertainty observed in experiments. To cal-
culate the fitness function, the difference between the simulated
SH signal and the experimental one, both from the intact state of
the sample, were quantified. In this research, the GA population
size was set to 20, and it was allowed to run for up to 30
generations.

The fitness function can be defined by incorporating both signal
difference coefficient (SDC) and normalised root mean square error
(NRMSE). To do that, Pearson’s linear correlation coefficient, PCC; is
initially defined as below:

PCC S; Eð Þ ¼
Pn

i¼1ðSi� S
�
ÞðEi� E

�
Þ

Pn
i¼1ðSi� S

�
Þ
2Pn

i¼1ðEi� E
�
Þ
2

� �1=2 ð11Þ

where S and E indicate simulated and experimental signals at the
intact state, respectively. Using equation (11), SDC can then be
defined as below such that the result always has a value between
0 and 1.

SDC ¼ 1� ðPCC þ 1Þ=2 ð12Þ
Also, as the SDC is not sensitive to the signal’s amplitude-only

changes, the NRMSE is defined as:
used for calculating the eddy current, showing two rectangles corresponding to the



Fig. 6. a) 3D simulation of a bidirectional PPM EMAT excited on a 10 mm Aluminium sample, b) Phase velocity dispersion curve of 10 mm thick sample showing SH0
excitation frequency at 128 kHz (indicated by a red dot), calculated using GUIGUW [51]. (For interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)

Fig. 7. a) Impact of 10 % variation of individual simulation parameters on the SH signal, b) zoomed display of the first three parameters.

Fig. 8. Flowchart for building the simulation data set after having optimised the simulation parameters.
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NRMSE ¼ kSi � Eik
kSi � E

�
k
; ð13Þ

where || indicates the 2-norm of a vector. In the end, the cost func-
tion incorporates both SDC and NRMSE metrics,
6

Objective function ¼ ðSDC þ NRMSEÞ=2: ð14Þ
Table 3 lists the optimised simulation parameters for an Alu-

minium alloy sample under inspection. A comparison between
the optimised simulated signal and the experimental signal is
shown in Fig. 9. There is still a small discrepancy between simula-



Table 3
Optimised Simulation parameters for an Aluminium sample.

Density (Kg/
m3)

Longitudinal attenuation(dB/cm)
@500 kHz

Shear attenuation(dB/cm) @
500 kHz

Longitudinal velocity
(m/s)

Shear velocity (m/
s)

Separation distance
(mm)

2690 0.10 0.18 6308.8 3021.6 291.2

SH0
SH1

Fig. 9. Simulated and experimental data overlaid on top of each other, both on
Aluminium sample.
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tion and experimental data. However, there is a very close correla-
tion between the simulated SH0 wave mode and its corresponding
experimental data compared to the SH1 wave mode. Further inves-
tigation is required to identify the discrepancies between the real
and simulated signals. Note that a part of the SH0 wave mode
within a time window centred at the maximum amplitude is
selected for building the ML model.

3.1.3. Defect introduction in simulation
Having calibrated the simulation model, the simulated dataset

for the ML was built with the process described by the flowchart
in Fig. 8. However, defects need to also be included in the model
as the purpose is to estimate the depth of the defect. Four different
defect shapes are considered for this research, shown in Fig. 10.
Circular (a.k.a flat bottom hole, FBH), rectangular, elliptical, and
tapered defects were chosen to train the model in simulation.
The depth and width of all defects were varied between [1–10]
mm and [10–60] mm (40–240 % of wavelength) with 1 mm step
size, respectively. It is important to note that the taper angle of
the tapered defect also varies as the depth of this type of defect
is changed. This is because the bottom width of the defect was
fixed as half of the defect size at the top surface, as shown in
Fig. 10b.

Different shapes of defects should be included in training data
to avoid bias and make the ML model insensitive to the shape of
Fig. 10. Illustration of four different defects including circular, tapered, elliptical and rect
section.
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the defect. Different defects, such as the ones with sharp edges,
may cause various complex wave interaction effects at the entering
or exiting of the defect region [53]. Ideally, all types of potential
real defects should be modelled to build a model that is invariant
to the type of defects; however, this work focuses on proving the
concept on the lab scale. In a real scenario, at least 8 different
shapes of defects should be considered for the corrosion modelling
according to the ASTM G46 [54]. These include narrow (deep),
elliptical, wide (shallow), subsurface, undercutting, horizontal
grain attack, and vertical grain attack.

Furthermore, to make the ML model invariant to the defect
position, this should also vary across the entire interrogation path.
However, due to computational time and for the sake of proof of
concept, in this manuscript, it was only changed by � 5 mm along
the wave propagation path (z-axis, see Fig. 3). Therefore, the ML
data includes four different defect shapes varying in depth and
width in addition to the data set obtained by changing the defect
position.

3.2. Feature extraction

Conventional amplitude-based processing approaches can
easily be affected by various parameters such as variation in the
EMAT lift-off and mounting conditions [55]. To reduce this impact,
the phase characteristics were evaluated in this research. Similar to
the traditional amplitude processing approaches, it has been
reported that the instantaneous phase (IP) can be used as an addi-
tional source of information for defect detection by improving con-
ventional amplitude-based analysis [56–58]. It has been shown
that IP images could result in fewer artefacts and sidelobe interfer-
ence (more suitable for defects near the surface), and there is no
need for time-gain compensation. Pavlopoulou et al. [59,60] have
also shown that instantaneous characteristics of ultrasonic guided
waves have a strong potential for defect characterisation. They
have reported that the damage index extracted from the IP
increases as the damage develops.

The instantaneous phase was extracted by transforming each
signal, s tð Þ; from the time to phase domain. The instantaneous
phase, u tð Þ; in time-domain analysis can be understood from the
expressions below:

s tð Þ ¼ A � sin xt þ D£ð Þ; ð15Þ

u tð Þ ¼ xt þ D£ ð16Þ
where A is the amplitude of the signal and xis the angular fre-
quency, respectively. There are a number of definitions to extract
the instantaneous characteristics of a signal. The most popular
angular defects (from left to right) modelled in the simulation, a) top view, b) cross-
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approach is defined by Gabor and Ville (see in Pavlopoulou et al.
[59]) as:

z tð Þ ¼ s tð Þ þ iH s tð Þ½ 	; ð17Þ

H½s tð Þ	 ¼ 1
p

Z 1

�1
s tð Þ 1

t � s
ds; ð18Þ

u tð Þ ¼ tan�1 H½s tð Þ	
s tð Þ ð19Þ

where z tð Þ and H½s tð Þ	 are the analytical signal and Hilbert
transform, respectively. Note that u tð Þ is also the wrapped phase
in the range of �p;þp½ 	. As an example, Fig. 11 shows a typical
variation of IP against the depth and the width of two circular
and tapered defects at the maximum amplitude instant of SH0,
see Fig. 9. Note that thirty IPs around the maximum amplitude
were used for building the GPR model. Fig. 11 only shows one IP
at the maximum amplitude of the signal. A simple interpretation
is that the IP is monotonically decreasing to some level of defect
width and then increasing. The abrupt discontinuities observed
on the deep defects (8–10 mm) are artefacts of phase wrapping.
This means that the SH0 signal reaches the out-of-phase state
ð�pÞ compared to the intact state, and as we further change the
depth and width, the phase shift increases. However, as it is out-
side the range of �p;þp½ 	, the phase values are increased by 2p
to put the phase values within the mentioned range.

Instantaneous phase values were then transformed to the cubed
value of their original values to more closely approximate a Gaus-
sian distribution with reducing the skewness of feature
distribution.

The ML model was built using the available simulated and
experimental intact data set. In real-life scenarios, the real intact
data set could be collected using a reference sample with identical
material properties and thickness. Lee et al. have shown that com-
bining a few high-fidelity experimental data sets with large-scale
low-fidelity simulation data can enhance prediction accuracy in
Gaussian process regression [62]. Table 4 shows the composition
of the data set used for the ML model. It includes a variation in
the shape, size and position of the defect. The data includes all cal-
ibrated simulated data in addition to the 130 experimental data
measured from the intact state of the sample. This shuffled data
was then split into a ratio of 80:20 for training and evaluation,
respectively. Each IP feature was also zero-centred and normalised
by its standard deviation on the training set. The evaluation (un-
seen simulated data set) and testing data sets (see Section 4.2)
were then z-scored relative to the mean and standard deviation
Fig. 11. A typical pattern of instantaneous phase variation of SH0 wave mode as a func
tapered defects.

8

of the training set, rather than the test set, to place the test trials
on the same scale as the training set [61].

Fig. 12a illustrates a good linear correlation (RMSE = 0.35 mm)
between predicted and ground truth data. Prediction error (mis-
matches between predicted and truth values) also confirms that
96.45 % of the data has a prediction error of less than 1 mm, see
Fig. 12b.

3.3. Experimental setup

Experiments were carried out on two samples with a 10 mm
thickness to evaluate a) the instantaneous phase of SH wave modes
on a mild steel sample containing three different defects’ depth
with an identical diameter, b) the estimation of the experimental
minimum remaining wall thickness on an Aluminium sample con-
taining three different defects (diameter and depth) using SH0
wave mode. The defect details of each experiment are introduced
in the following sections of 3.1 and 0, respectively. For all measure-
ments, a RITEC RPR-4000 Pulser/Receiver (RITEC Inc., Warwick, RI)
[63] was used to generate a 3-cycle tone-burst at the desired fre-
quency. The transmitted signals were then measured using a PicoS-
cope 5000a series (Pico Technology, Cambridgeshire, UK) [64],
which was triggered by the RITEC. All the measuring equipment
was controlled by a LabVIEW based programme, see Fig. 13. A com-
mercial pair of EMATs from Sonemat Ltd. [65], with model num-
bers SHG2541-S and SHD2541-S, with a nominal wavelength of
25 mm was used. The transducers dimensions were identical to
the ones used in Section 3.1.1. In this experiment, the signals were
measured by a sampling frequency of 62.5 MHz; however, they
were downsampled to 2.2321 MHz to match the sampling fre-
quency used in the simulation for further analysis.

4. Experimental results and discussion

4.1. Instantaneous phase evaluation

To gain more insight into instantaneous phases, an experiment
was conducted on a 10 mm thick mild steel sample (S275) contain-
ing three different FBHs with a depth of 3.7 mm, 5.5 mm and
9.2 mm along the scanning direction, see Fig. 14. The defects’ diam-
eters were intentionally kept fixed to 25 mm (100 % of wavelength)
to merely evaluate the effect of defect depth on the instantaneous
phase of the measured signals in this section. The instantaneous
phase was calculated at the maximum amplitude instant of both
SH0 and SH1 wave modes. Fig. 15a shows that there is a direct rela-
tionship between the SH0 phase and the defect depth, as we would
tion of depth and width was calculated from simulation data for a) circular and b)



Table 4
The composition of the data set, the sim and real stand for the simulated and experimental intact data. This data set is only used for training and evaluation purposes.

Circular defect (sim) Tapered defect(sim) Elliptical defect(sim) Rectangular defect(sim) Defect position(sim) Intact data (real) Total

260 260 260 260 2600 130 3740

Fig. 12. Performance of evaluation data set obtained by SH0 wave mode mainly using simulated data, see Table 4, a) predicted remnant thickness as a function of actual
remnant thickness, with an RMSE of 0.35 mm, b) histogram of prediction errors.

Fig. 13. a) A schematic measurement setup of guided wave measurements in the pitch-catch mode. T and R stand for transmitter and receiver respectively, b) Measurement
setup.

Fig. 14. A cross-section of a 10 mm mild steel sample was merely used for the
assessment of the instantaneous phase feature, showing that only the depth of
defects varies.
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expect from the simulation data shown in Fig. 11. The phase of the
SH0 mode monotonously decreases as the defect depth increases.
However, this relationship does not hold for the SH1 data, see
Fig. 15b.

Suitability of SH0 compared to the SH1 wave mode for the pre-
diction of defect depth has also been reported by Hirao and Ogi
[66]. Similarly, we can also observe from Fig. 15 that the phase
of the SH1 wave mode is more sensitive to the presence of the
defects than that of the SH0 mode; however, the SH0 wave mode
seems more suitable for extracting the defect depth’s information
in this simple pitch-catch configuration. However, it has also
recently been reported that SH1 is a promising candidate for thick-
9

ness mapping when the phase velocity information [12] and or cut-
off properties [16,17], see Table 1 (#1 and #2), are used as sensitive
features. For the former case, the SH0 is not dispersive and cannot
be used for velocity inversion thickness mapping; therefore, they
have selected the first dispersive anti-symmetric mode [12]. For
the latter case, the transducer should be configured in such a
way as to accommodate a wide range of wavelengths to create a
time-frequency dispersion map.

From the above discussion and the summary of published liter-
ature in Table 1, it can be deduced that the optimal wave mode for
the thickness mapping is still under question as it also depends on
the data acquisition scheme and the extracted feature. However, it
has been shown that SH wave modes are promising candidates for
obtaining thickness information compared to the Lamb wave
modes when phase velocity information is used in a ring excitation
scheme consisting of 120 transducers [12]. In contrast to this, we
are considering a simple pitch-catch measurement as this setup
is more suitable for robotic deployment. Therefore, the resolution
of thickness estimation using one single pitch-catch excitation
scheme will not be as precise as the ring excitation system since
this measurement neglects diffraction and scattering of all sur-
roundings of the defect. Thus, there is a trade-off between the com-
plexity of the measurement scheme and the amount of extracted
information for the thickness mapping.

Note that a systematic comparison between Fig. 11a and
Fig. 15a was not the purpose of this paper, as we used the steel



Fig. 15. Instantaneous phase at the maximum amplitude instant using the experimental data containing three FBHs with identical diameter (25 mm) but different depths, see
Fig. 14, a) SH0 wave mode, b) SH1 wave mode.
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sample in this section. Furthermore, the data measured here was
not included in the experimental testing data set of the GPR model
(Section 4.2). Due to logistics and practicalities, we could not gain
Fig. 16. Experimental sample to evaluate the GPR model built in Section 3.1.4,
showing both diameter and depth of defects are changing.

Fig. 17. Reference-based detection of experimental defects using SH0 data, a) signal d

10
access to the aluminium sample containing FBHs with the same
diameter and different depths. However, this material discrepancy
does not compromise our comparative evaluation of IPs extracted
from SH wave modes.

Fig. 15a shows a correlation between IP and the depth for the
SH0 wave mode; however, this data was measured by keeping
the defect diameter fixed while only changing the defect’s depth,
see Fig. 14. When the diameter or width of the defect is also chang-
ing, the interpretation is not straightforward anymore, as shown in
Fig. 15a, and there is no longer a simple correlation between IP and
depth. As shown in Fig. 11, the instantaneous phase is dependent
on the defect depth, width and shape. So, the depth cannot simply
be estimated using physics-based approaches in real-life scenarios
when we use IPs as sensitive features. However, data-driven
ifference coefficient, b) dynamic time warping, c) squared Mahalanobis distance.



Fig. 18. Estimation of experimental testing data set containing three FBH defects
using the GPR model built in Section 3.1.4, showing a good estimation of wide
defects but 24.67 % error in the prediction of the defect with 60 % width to
wavelength ratio, depth prediction and the ground truth are indicated by the solid
blue and dashed red lines, respectively. (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this article.)
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approaches such as the GPR model can be used to figure out this
complicated relationship.

4.2. Detection and remnant thickness estimation of defects using an
experimental data set

An additional testing data set made of practical measurements
was created using a 10 mm thick Aluminium sample (grade 6082)
containing three FBHs with different depths and widths, as shown
in Fig. 16. The same Aluminium material as Sections 3.1 and 3.2
was utilised in this evaluation as the final purpose is to evaluate
the measured experimental data using the model built in Sec-
tion 3.1.4. The same feature extraction method explained in Sec-
tion 3.2 was also applied to this measured experimental data to
prepare the testing data for the depth prediction. Note that this
testing data set did not participate in training and validation steps
and was only used for GPR model testing. To make it more compli-
cated, the depth and widths were selected in such a way that as the
depth of FBHs increases, their width decreases. This experimental
data was measured in the scan across the three defects from shal-
low wide to narrow, and deep flaws, see Fig. 16.

Before the assessment of the GPR model in this section, the sig-
nals were initially evaluated using three reference-based algo-
rithms with the intact signal as a reference. This analysis
confirms that if the purpose is merely to identify defects in this
pitch-catch configuration, we could take advantage of signal pro-
cessing algorithms rather than a data-driven approach. The pri-
mary added value of machine learning would be then to estimate
the defects’ depth, not just the detection of defects.

The measured signals were evaluated using the SDC (see equa-
tion (12)) and dynamic time warping (DTW) [67], see Appendix A,
and squared Mahalanobis distance (SMD), to check for the pres-
ence of a defect, see Fig. 17. SMD is calculated as [68],

SMD ¼ ðy� lÞTC�1ðy� lÞ; ð20Þ
where y is the measured SH0 signals in each position and l and C
are the mean and covariance of 130 intact signals, respectively.

These three robust algorithms can be used to measure the sim-
ilarity between time-series data. However, the SDC and SMD result
in higher contrast of the defect to the intact ratio for defect detec-
11
tion. However, SMD is more sensitive to wide shallow defects, see
Fig. 17a, compared to SDC, whereas SDC is more sensitive to
narrow-area deep defects, see Fig. 17b. Note that all three afore-
mentioned algorithms are reference-based, and therefore the
intact state of the sample was used for this purpose.

The depth estimation of the FBHs was also carried out using the
ML build model using the low-scale real and large-scale simulated
data, as listed in Table 4. Around 450 unseen experimental EMAT
data sets were measured to evaluate the ML model explained
above. As shown in Fig. 18, the depth for both (3.7 mm and
5.5 mm) wide FBH (100 % and 140 % of wavelength) can be success-
fully estimated; however, for the 15 mm wide FBH (60 % of wave-
length), there exists an error of 24.67 %. This mismatch can be
likely attributed to the defect’s small width to wavelength ratio.
As shown in Fig. 11, at the lower defect width to wavelength ratios,
estimating the defect depth becomes more challenging using SH0
wave modes. Therefore, future work should focus on selecting an
excitation frequency or wave mode such that the wavelength
becomes shorter to improve prediction accuracy.

5. Conclusion

A combination of ultrasonic guided wave technology and the
prediction of the remaining useful life of a structure provides us
with a more efficient and effective approach for the robotic inspec-
tion of large structures. To achieve this, we have evaluated the fea-
sibility of a data-driven approach for estimating the remnant
thickness of a defect as a critical damage attribute. An ML model
built mainly by a calibrated simulated data set and real intact
SH0 data was explored to estimate the real experimental data con-
taining three FBHs. The validation data set shows that we can have
a good estimation of defects by extracting information from the
instantaneous phase. However, the evaluation of real experimental
data shows that the GPR model is still restricted by the character-
istics of SH0 wave mode, such as its wavelength. A good estimation
of wide defects, defect width to wavelength ratio of � 100 %, could
be achieved; however, it also turned out that it fails in a good pre-
diction of narrow, deep defects. The authors also recognise that
further work is required to reliably address this issue in addition
to the estimation of real-life corrosion defects.

CRediT authorship contribution statement

Morteza Tabatabaeipour: Conceptualization, Methodology,
Visualization, Software, Investigation, Formal analysis, Validation,
Writing – original draft, Writing – review & editing. Konstantinos
Tzaferis: Methodology, Software, Formal analysis, Visualization,
Writing – review & editing. Ross McMillan: Investigation, Writing
– review & editing.William Jackson: Software, Investigation, Writ-
ing – review & editing. Gordon Dobie Resource: Funding acquisi-
tion, Supervision, Project administration, Writing – review &
editing. Rachel S. Edwards: Writing – review & editing. Oksana
Trushkevych: Writing – review & editing. Anthony Gachagan:
Funding acquisition, Project administration, Resources, Writing –
review & editing.

Data availability

Data will be made available on request.

Declaration of Competing Interest

The authors declare that they have no known competing finan-
cial interests or personal relationships that could have appeared
to influence the work reported in this paper.



M. Tabatabaeipour, K. Tzaferis, R. McMillan et al. Materials & Design 221 (2022) 110990
Acknowledgements

This work was supported by (I) EPSRC ‘‘Delivering Enhanced
Through-Life Nuclear Asset Management” (EP/R004889/1) and
(II) Advanced Nuclear Research Centre (ANRC).

Appendix A. Dynamic time warping (DTW)

DTW stretches two given temporal sequences, X :¼ ðx1; � � � xMÞ
and Y :¼ ðy1; � � � xNÞ, onto a common set of instants such that a local
cost measure (a.k.a. local distance matrix) between corresponding
points is the smallest [69]. To do that, the local distance matrix,
disMatrix; consisting of pairwise distances dðxi; yjÞ between each
pair of points is initially calculated.

disMatrix ¼
dðx1; x1Þ � � � dðx1; xNÞ

..

. . .
. ..

.

dðxM ; x1Þ � � � dðxM; xNÞ

0
BB@

1
CCA: ðA:1Þ

The squared value of the difference between each pair of points
is selected here as the distance metric dðxi; yjÞ, given by.

d xi; yj
� � ¼ ðxi � yjÞ:2 ðA:2Þ
At the next step, an accumulated distance matrix c of the same

dimension as disMatrix is calculated as follows:

c 1;1ð Þ ¼ d x1; y1ð Þ
c i;1ð Þ ¼ d xi;1ð Þ þ c i� 1; jð Þ
c 1; jð Þ ¼ d 1; yj

� �þ c 1; j� 1ð Þ
c i; jð Þ ¼ d xi; yj

� �þmin c i� 1; jð Þ; c i� 1; j� 1ð Þ; c i; j� 1ð Þf g; i; j–1

8>>>><
>>>>:

ðA:3Þ
Therefore, the last element of the cumulative matrix c corre-

sponds to the distance calculated between two given sequences
using the DTW technique.
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