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ABSTRACT
For certain structure types and damage sizes, guided waves offer some distinct advantages for damage detection,
such as range and sizing potential, greater sensitivity and cost effectiveness. Guided waves exhibit multiple
modes; for Lamb waves there are two types; symmetric and antisymmetric. In damage detection regimes,
information and features of individual modes, which propagate from a single source, are useful for localisation
and sizing of damage. This facet leads to the motivation to decompose a single signal into the individual modes
that are received in the wave-packet. Decomposition of wave modes is possible in full-field Lamb wave data
from a forward-backward, two-dimensional Fourier transform method that involves dispersion curve information;
though this method cannot be applied directly to signals at a single location. By using this method, the expected
nominal waves can be determined for a given propagation distance; i.e. the individual wave modes expected to
be present regardless of damage. In the presence of damage, residual signals will be present which contain
information on the damage. In this paper, a Bayesian linear regression technique is used to decompose single
multi-mode signals into their individual wave modes, which is then used to determine any residual signals. This
decomposition is made by determining the expected shape and size of individual mode signals from the full-field
decomposed waves. The information inferred by this method, both before and after the wave has propagated
through damage, is studied.
Keywords: guided wave, Lamb wave, mode decomposition, dispersion curves

1. INTRODUCTION
The use of ultrasonic guided waves (UGWs) for non-destructive evaluation (NDE) and structural health monitoring (SHM) strategies1 can offer a number of advantages, such as range and sizing potential, greater sensitivity and
cost effectiveness. UGWs consist of two types of high-frequency stress waves: Rayleigh waves which propagate
on a surface or, in plate-like media where the thickness is sufficiently small compared to the wavelength, as Lamb
waves. An explanation of Rayleigh and Lamb waves is given by Viktorov,2 Worden3 and Rose,4 though a short
introduction will be given here. A particular characteristic of Lamb waves is their separation into symmetric and
antisymmetric modes, the former of which has the upper and lower bounds oscillating in opposite directions at
equal propagation distance, whereas the latter oscillates in the same directions. The number of each type of wave
mode present increases with increasing frequency-thickness; these are termed higher-order modes. A wave-packet
is a single burst containing multiple wave modes of different frequency and shape; for Lamb waves these will
contain both types of modes. The propagation velocity of Lamb waves depends on the central frequency of the
wave and will vary between the modes present, and therefore a wave-packet of mixed wavelengths will spread
out in space, i.e. they will disperse.
The behaviour of these waves in the presence of damage varies between modes, therefore it is useful to be able
to determine signal features that represent individual attributes of each mode present in a single wave-packet.
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In the rest of this paper, the incident waves observed that are expected to be present regardless of damage are
referred to as the nominal waves. A particular phenomenon that occurs when Lamb waves interact with damage
is that of mode conversion,5 where modes are converted into others as a result of variations in plate dimensions.
This phenomenon is directly linked to reflection characteristics of damage, which is dependent on the size and
shape of the inhomogeneity or damage. This characteristic interaction of Lamb waves with damage leads to
the identification of features of a multi-mode wave-packet that offer insight into the location and/or severity of
damage. Firstly, the amplitude ratio between the nominal antisymmetric and symmetric waves, will vary with
damage as the reflection characteristics of each wave can be determined for damage size and shape. 6, 7 Where
A(A0 ) and A(S0 ) are the amplitudes of the A0 and S0 mode respectively, this ratio is given by,
R=

A(A0 )
A(S0 )

(1)

Furthermore, the energy in any converted/reflected modes will give information on the location because of
the difference in attenuation and initial energy from the nominal wave modes. Another feature that will provide
information on the location of damage will be the difference in the time of arrival between the nominal waves
and any additional waves present; as any converted/scattered modes, despite having the same instantaneous
group velocity, will have a different average velocity from the source. Although there has been evidence of useful
techniques that do not require decomposition, via the use of piezoelectric rosettes, 8 the cost of using such hardware
may quickly rise for large-scale systems. A novel method has been proposed, involving the decomposition of threeway tensors constructed from ‘actuator’, ‘sensor’ and ‘time dimensions’ that shows robustness. 9 However this
method requires that data are collected from multiple actuation sources and sensor locations, so it may be
advantageous in some systems to be able to localise using fewer such locations, thus reducing data usage and
processing time.
In order to obtain the features discussed, it would be useful to derive the individual signals of all the waves
present in a single multi-mode wave-packet signal, including any additional signals due to damage. Some multimode decomposition techniques have been proposed with a variety of approaches. One such approach is a
parameter-based iterative procedure to match the shape of the wave with the physical equations governing a
Lamb wave in homogeneous materials.10 Other methods involve the usage of a series of 1D and 2D bandpass
filters on full-field laser scans over the area of wave propagation,11 identification of ratio features from signal
processing of the received signal,12 and using concentric ring and circular PZTs.13
In this paper, a method is proposed which utilises prior knowledge of the nominal symmetric and antisymmetric modes to obtain information present in the signal as a result of the presence of damage. Lamb waves were
simulated in a homogeneous plate using the local interaction simulation approach (LISA), 14, 15 for an undamaged
plate and various damage scenarios. In order to obtain the individual nominal signals of a Lamb wave as it propagates through space, first a multi-mode separation technique was applied which utilises a forward-backward,
two-dimensional Fourier transform (TDFT) method and dispersion curve information. 16, 17 These decomposed
signals are then used to represent the expected nominal wave shape at a given location and are used as the
basis for decomposing an individual signal into the nominal waves and residual waves. By using a Bayesian
linear regression technique, it is shown here how a signal from a single location can be decomposed in order to
determine the features outlined above.
Many current individual-signal decomposition methods require accurate previous models of guided wave
propagation in the material being inspected, analytical models of which are difficult to attain accurately for
complex materials. Such an example would be for fibre-matrix composites where the attenuation varies with
respect to fibre-orientation.18 The method demonstrated here can be generalised further as a decomposition tool
of waves in more complex materials because of its ability to be used with experimental datasets, either simulation
based or from scanning laser tests.

2. LAMB WAVE PROPAGATION IN PLATES
Elastic waves in orthotropic, inhomogeneous media are described by the elastodynamic equation, 19
∂l (Sklmn wm,n ) = ρẅk

2

(k, l, m, n = 1, 3)

(2)
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where S is the stiffness tensor, ρ is the material density, w is the displacement field in which the comma represents
differentiation with respect to space and the double dot represents double differentiation with respect to time.
In bounded media these waves will exhibit as Lamb waves, which in isotropic elastic media will exhibit in two
distinct shapes: symmetric and antisymmetric. There are two characteristic equations for Lamb waves which
describe their behaviour in given media:
4k 2 pq
tan(qd)
=− 2
tan(pd)
(q − k 2 )2

(3)

for the symmetric modes and,
tan(pq)
4k 2 pq
=− 2
tan(qd)
(q − k 2 )2
for the antisymmetric modes. The definitions of p and q are given by,
ω
ω
,
q=p 2
p= p 2
2
cL − c
cT − c

(4)

(5)

where k is the real wavenumber, ω is the central frequency, c is the bulk wave speed, cL is the longitudinal wave
speed and cT is the transverse wave speed. Given a value of ω, eqs. (3) and (4) specify allowed values of c for
either mode; as c is a function of ω this means that the waves are dispersive. Solutions to these equations are
determined numerically, and plots of the wave velocity with respect to frequency-thickness are called dispersion
curves.

2.1 LISA Simulation
The overall method of simulating guided waves using the local interaction simulation approach (LISA) is well
documented14, 15, 20 but a brief overview will be given here. The LISA simulation method uses iterative difference
equations and is based on a sharp interface model. This allows LISA to incorporate the effects of boundaries and
inhomogeneities with ease – a primary benefit of using the method, as well as faster computing time in comparison
to FEA. A key difference between this method and standard finite difference (FD) approaches is that the LISA
solves a discrete form of eq. (2) exactly, modelling physical phenomena without other approximations, whereas
the FD is the solution of the partial differential equation after discretisation.
A finite difference formulation is used on eq. (2) to generate iterative equations that can be applied for a given
point in space. The derivations of these equations can be followed in,14 which is achieved by discretising the grid
into evenly sized cells, and considering these cells as a series of springs and masses which populate the medium.
At each point, which is neighboured by 8 cells, the sharp-interface model is used to average the properties of
the neighbouring cells. It is assumed at a point that the material properties and displacements are continuous,
whereas interfaces of cells are treated as discontinuous. As the final iterative equations are quite lengthy and
not the focus of this paper, they are not given here, but the reader can refer to the work by Delsanto et al.14
Material
Longitudinal sound speed, cL
Width x Length
Cell dimension, ε
Table 1: Properties of Lamb

Aluminium
Density, ρ
6420 m/s
Transverse sound speed, cT
300 x 300 mm Plate thickness
0.25 mm
Time step, τ
wave in plate simulation performed using LISA

2710 kg/m3
3040 m/s
1 mm
0.01496 µs
approach.

Using the LISA approach here, Lamb waves were simulated in an aluminium plate, the details of which can
be found in Table 1. First a wave was simulated in an undamaged plate, then the simulation was repeated with
a 1mm square, half-thickness notch at x, y = 75, 150 mm. For all simulations, the actuation source is a 20mm
diameter piezo-electric transducer placed at the centre of the plate, with a 1MHz, five-cycle, Hanning windowed
sine wave. This source is represented using a linear systems model.15 The results of the damaged and undamaged
plate simulations can be seen in Figure 1.
Figure 1 shows how the LISA simulation captures the effect of damage on the wave propagation well, as the
reflections are clearly seen of the A0 mode. It can be also be seen how the boundaries reflect the waves, this is
an important consideration in the method as this can have effects on the technique, this will be discussed later
on.
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(b)

(a)

Figure 1: Surface displacement results of LISA simulation for (a) an undamaged plate and (c) a damaged plate
at 35µs. Dimensions are altered to place actuation source at the origin.

3. SEPARATION OF MULTI-MODE SIGNALS
As discussed, it would be advantageous to decompose an individual multi-mode Lamb wave signal into individual
modes in order to obtain features that are useful for determining the severity and location of damage. The
following section will explain the multi-stage process of the decomposition technique developed which utilised
an initial full-field based method to establish the expected shape of individual modes, and then using a model
learning technique to decompose an individual signal of the damaged case into the nominal modes and residual
waves.

3.1 Full-field multi-mode separation
Separation of multi-mode signals of a Lamb wave over its propagation in space is carried out by a forwardbackward method using the experimentally determined dispersion curve. The method is explained in detail by
Haywood-Alexander et al.17 but a brief explanation is provided here. First the dispersion curve must be obtained
by spatially sampling the surface displacement of a Lamb wave as it propagates through a bounded medium, then
one performs a two-dimensional Fourier transform (TDFT) along time and distance sequentially.16 The spatial
sampling was done here by extracting the simulation surface displacement data at all points where x < 150 and
y = 0. This strategy gives a transformation from the time-distance [t-x ], space to the frequency-wavenumber
[f -k ], space,
Z
Z
∞

∞

h(t, x)e−i2π(f t+kx) dtdx

H(f, k) =
−∞

(6)

−∞

where h(t, x) is the surface displacement with respect to time t and distance x. The resulting image data, which
shows dispersion curve information, are shown in Figure 2.
Then, a simple ridge-picking algorithm is used to extract local maxima in the image data H, and generates
a Boolean image mask data D of the same size as H. A buffer of ±u and ±v additional data points, in the
horizontal and vertical directions respectively, are set to be 1 in D, in order to reduce information loss from the
[f -k ] space. D can also be tuned to only include curves representing selected wave modes to reconstruct. The
‘flattened’ [f -k ] data is then determined by,
H∗ = D ◦ H
(7)
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(a)

(b)

Figure 2: Example of dispersion information determined from a TDFT by extracting an example of the [t-x ]
data from the LISA simulation. Shown in terms of (a) h(t, x) and (b) H(f, k)
Once these curves are extracted, they can be used to reconstruct individual, or selected, modes by applying an
inverse two-dimensional Fourier transform (ITDFT) on the new image data,
Z ∞Z ∞
h∗ (t, x) =
H∗ (f, k)ei2π(f t+kx) df dk
(8)
−∞

−∞

This method requires normalisation of the signal at each distance point, though it is trivial to return the
range of the decomposed wave to that of the measured signal by storing the normalisation parameter. For
this work it is kept at its normalised values as the decomposition method is focussed on just the shape of the
expected nominal signals and not their amplitude. Advantages and caveats of this method are discussed by
Haywood-Alexander et al.17

3.2 Individual multi-mode separation
Once the expected nominal waves were determined, they were used to decompose an individual signal into the
nominal residual signals. This was done using a Bayesian linear regression technique, a detailed description can
be found in the text by Murphy.21
Traditional linear regression formulates a model using point estimates of a set of parameters which “best”
fit an available dataset, based on minimising an L2 -norm between the model predictions and the data. Instead,
BLR aims to establish a probability distribution of possible model parameters. The model has the form,
y = w> φ(x) + ε,

ε ∼ N (0, σ 2 )

(9)

where φ is some basis for expansion of a p-dimensional data point x; w = {w1 , w2 , ..., wp } are the associated
weights of the basis expansion, and ε is an additive Gaussian white noise distributed as N (0, σ 2 ). The weights
w and the variance σ 2 are the unknowns. The Bayesian linear regression model approach was chosen since
it returns a quantified uncertainty. The task is then to compute the posterior distribution of the parameters
p(w, σ 2 |D). This posterior distribution has the form,
p(w, σ 2 |D) = N IG(w, σ 2 |wN , VN , aN , bN )

5
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(a)

(b)

(c)

(d)

Figure 3: Individual signals from the full-field TDFT multimode decomposition for a 1MHz, 5 cycle sine wave at
a propagation distance of 50mm for (a) original multimode signal, (b) reconstructed sum of A0 and S0 modes,
(c) reconstructed A0 mode and (d) reconstructed S0 mode.
with,
wN = VN (V0−1 w0 + X> y)

(11)

VN = (V0−1 + X> X)−1

(12)

aN = a0 + n/2

(13)

b N = b0 +


1
> −1
w0> V0−1 w0 + y> y − wN
VN wN
2

(14)

where V0 , w0 , a0 and b0 are hyperparameters of the prior. It is possible to set an less informative prior for σ 2
by applying a0 = b0 = 0. Also setting w0 = 0 and V0 = g(X> X)−1 for any positive value g; leads to Zellner’s
g-prior .22 By having the prior variance proportional to (X> X)−1 , it is ensured that the posterior is invariant
under scaling of the inputs.
For this work, the input data x = {xA0 , xS0 }, where xi is a column vector of the normalised nominal wave for
mode i, the target vector y is the measured signal. The nominal waves are also re-normalised to their individual
ranges in order to better compare the predicted weights between the wave modes. One could consider φ to be
the decomposition of the expected nominal signal into the selected modes. For this work, only the fundamental
modes are used, although it would be trivial to use the same method on more selected modes. For this method,
any signal range can be used, though it is preferable to use a normalised signal. The expected weight parameters
w will give relative amplitudes of the nominal waves, directly influenced by the range of x. For computational
reasons, it is preferable to use the normalised ranges for these wave vectors as any simultaneous loss in amplitude
of the nominal waves will not be captured.
An important metric that is attainable from the Bayesian linear regression method is the predictive likelihood,
which gives an indication of the likelihood that the model fits and takes into account the uncertainty as well as
the quality of the mean fit. As this method uses a tractable Gaussian posterior, the predictive likelihood is given
by,
p(ỹ|x̃, y, x) = N (E [ỹ] , V [ỹ])
(15)
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where E [ỹ] and V [ỹ] are the predicted values and variance of the output given input x. For computational
stability this likelihood is calculated in the log space, and is named the independent predictive log-likelihood
P LLi and is defined by,
N
X
P LLi =
log N (yi |E[yi ], V[yi ], w)
(16)
i

for N data points. This value is the product over the predictive likelihoods for every point, i.e. the joint likelihood
if they were uncorrelated.

4. RESULTS
Some examples of decomposed signals from the damaged scenario are shown in Figure 4. These are taken at
selected distances along the propagation path directly between the actuator and the damage. The figures show
the measured surface displacement at each location and the expected surface displacement because of the nominal
waves, predicted using the measured displacement. Below this, the figure shows the residual of these two signals,
giving information on any extra waves that propagate through this location because of the damage. The figures
indicate the method provides a good estimate of the decomposed modes from the individual signal.

(a)

(b)

(c)

(d)

Figure 4: Decomposed multi-mode signals of damaged plate at (a) 50mm, (b) 65mm, (c) 85mm and (d) 100mm
from the actuation source. For each propagation distance, the top figure shows the measured signal in red and
the predicted nominal waves signal in blue, the bottom figure shows the residual between the measured and
predicted nominal.
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From Figures 4a and 4b, the most prevalent change of signals from the damage, at propagation distances
before reaching damage, is the additional waves present due to reflection from the damage. The reflected S0 and
A0 waves can be seen in Figure 4a at 16 ≤ t ≤ 20µs and 28 ≤ t ≤ 34µs respectively. These reflections are more
spread out in time in Figure 4a than in Figure 4b, which is expected as a result of the higher group velocity of
S0 than A0. In Figures 4c and 4d, there appears to be information in the residual signal, which has a similar
shape to that of the antisymmetric mode. This similarity is likely the result of the error between the predicted
and the measured wave, although it should be noted that this error is higher in comparison to any error present
in the prediction of the S0 mode, and any errors in prediction of both modes in the signals before damage.
Figure 5 shows a closer look at the expected nominal waves as well as the predicted variance of this signal,
taken at a propagation distance of 50mm, i.e. 25mm away from the damage. For most of the time series, the
measured signal falls within the bounds given by the predicted variance. An obvious section in which it does not
fit within the variance bounds is for the reflection signals at 27 ≤ t ≤ 35µs; however, the measured signal does
also appear to exceed this boundary at 9 ≤ t ≤ 12µs and 17 ≤ t ≤ 26µs. These areas correspond to the later
section of the incident S0 mode and the signal following the arrival of the incident A0 mode respectively.

Figure 5: Measured signal and predicted nominal signal at a propagation distance of 50mm, with the predicted
variance of the nominal wave signal shown in green bounds.
The decomposition method was applied at various propagation distances in the direction of the damage and
the metrics inferred from the BLR method at each of these distances are shown in Figure 6. Firstly, the calculated
weights are shown in Figure 6a, where the weights are written as the corresponding weight for each mode, wA0
and wS0 . These weights can be interpreted as parameters relating the shape of the expected nominal wave to the
range of the measured nominal wave. It is clear to see the attenuation of each mode as the propagation distance
increases, although an interesting point to note is the sharp drop in the antisymmetric parameter wA0 , after the
wave has propagated through damage. There is a periodic nature to the weights with respect to the propagation
distance, this is likely to be because of reflected waves coming in and out of phase with the nominal waves. The
superposition of these waves will affect the amplitude of the nominal waves as the phase differences between the
waves change.
The predicted variance of the predicted nominal waves at varying propagation distances is shown in Figure 6b;
as the propagation distance approaches damage, the predicted variance increases smoothly. After the wave has
propagated through the damage, there is a sharp drop in the predicted variance, although it is important to note
this variance is not based on normalised signal data and is therefore directly influenced by the amplitude of the
wave.
Figure 6c shows the predictive log-likelihood metric at each propagation distance. There does not appear to
be any discernible pattern in this metric with respect to the location of damage, although there is a periodic
pattern that could also be attributed to overlapping waves coming in and out of phase. This may indicate that
the overlapping waves are not just reflected waves, but wave modes with different group velocities originating
from the same source. Furthermore, the likelihood appears more irregular after a propagation distance of approx.

8

Decomposition of multi-mode signals using dispersion curves and Bayesian linear regression

(a)

(b)

(c)

(d)

Figure 6: Metrics extracted from the BLR decomposition method at various propagation distances; (a) corresponding weights of each mode, (b) predicted variance of the nominal signal, (c) independent predictive loglikelihood and (d) ratio of A0 to S0 mode, calculated as the ratio of the calculated weights. For all figures, the
area indicating damage is given by the filled red area.
120mm; this is likely to be a result of the reflections from the boundary causing a much more complex multi-mode
signal.
Finally, the ratio of the A0 mode to the S0 mode is shown in Figure 6d presented as the ratio of the
corresponding weights. There is once again a periodic nature similar to that in Figure 6a, likely attributed
to reflected/overtaking waves coming in and out of phase with each other. Much like the P LLi metric, as
propagation distance approaches the location of damage, this metric becomes more irregular; a similar behaviour
can also be seen for each individual weight in Figure 6a.

5. DISCUSSION
The predicted nominal waves shown in Figure 4 indicates the capability of the proposed method for decomposition
of individual multi-mode signals. By decomposing multi-mode signals, it is easier to automatically determine
features of individual modes that can be attributed to damage characteristics such as size and location. In
most Lamb wave studies, in order to attain signals of individual modes, the structures are excited with tuned
actuation (both in frequency and mode shape). Although this works well, it limits the available upper frequency
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limit of actuation, particularly in experimental regimes. Furthermore, the data recording/processing times are
multiplied by the number of modes investigated using this tuned actuation technique. The residuals between the
predicted nominal waves and measured signals show information that only exists due to damage. It can be seen
in the residuals that there is a clear difference in the time of arrival of the reflected S0 and A0 modes, providing
more dimensions to a feature set that can be used to localise damage.
The residuals shown in Figures 4c and 4d show that, when decomposing the signal after it has been propagated
through damage, there is a greater error in prediction of the A0 mode, in comparison to predictions made before
the wave has been propagated through damage. This could be because of energy decreases in the A0 mode as a
result of damage (as indicated by Figure 6a), as also there does not appear to be as much increase in error of
prediction of the S0 mode. Mode conversion phenomena does not appear to have been evident in this simulation
and is likely attributed to the reflection characteristics resulting from the relationship between wavelength and
notch size with reflection coefficients.6, 7 Therefore, this may indicate that there is more information in residual
signals at locations which capture reflection/scattering of waves due to damage, rather than mode conversion.
In Figure 5, it can be seen more clearly when the signal deviates from the predicted signal given no presence
of damage, and the regions where the measured signal exceeds the predicted variance boundaries have been
pointed out. The strongest deviation is that of the reflection at 27 ≤ t ≤ 35µs, which far exceeds the boundary.
The deviation at 9 ≤ t ≤ 12µs is likely attributed to reflections of the S0 mode from the damage, and at
17 ≤ t ≤ 26µs is likely from additional higher-order modes present. In this case, as the deviations due to
reflection are much stronger than the others, it is suggested to rely on information given from this section of the
signal.
The behaviour of the weights determined for each signal follows a trend that would be expected from the
attenuation of the waves in the material, indicating that these could be used as energy-based features directly.
The sharp drop, and subsequent steep rise, in the weight corresponding to the A0 mode may give insight to the
behaviour of this mode as it propagates through damage. As the damage is a notch beginning on the same surface
on which the displacement is measured and actuation occurs, the wave must pass under this when propagating
through. The steep rise could be attributed to the energy of the wave diffusing from the lower portion of the
plate thickness back to the upper surface after passing through the damage. The periodicity attributed to the
phase difference of passing waves is an important aspect to note of this method; energy features based from this
must incorporate this variance if used for any outlier detection strategies.
Furthermore, the ratio of the A0 mode to the S0 follows a trend that is expected in the presence of damage;
the ratio drops after damage as the energy of the antisymmetric mode is more strongly affected. The exact
nature of the trends of the energy features will depend on the wavelength and damage size, as shown by Lowe
et al.6, 7 The periodicity is once again exhibited in the ratio metric, supporting the idea that this is a result of
phase difference between passing waves. As the S0 and A0 waves have different velocities, they will be in phase
with passing waves at different points.
At propagation distances close to the damage and system boundary, the energy-based features begin to deviate
from the expected attenuation trend, as well as the predictive likelihood when close to the plate boundary. This
irregularity indicates that the method is not as successful at locations close to either damage or plate boundaries,
i.e. at locations where reflections interfere strongly with the nominal waves. The increase in predicted variance
close to damage further reinforces this, indicating that interference from reflections due to the damage cause a
larger variance in the predicted nominal signals.
An advantage of this method is how computationally efficient each stage is, with the highest computational
expenses being during the full-field mode separation stage, after which the nominal wave data can be stored for
quick access. This asset leads to the benefit of greater applicability in real-time sensing scenarios, where speed of
signal processing for damage detection is preferable. Furthermore, this method only requires data on the surface
displacement from the actuation source as it propagates in one direction. This allows the method to be used for
scenarios where accurate analytical modelling is costly or not possible, such as complex materials or geometries.

6. CONCLUSION
In this paper, a method has been proposed to decompose individual multi-mode signals into selected modes,
based on a linear regression model which maps nominal signals whilst simultaneously capturing the variance. The
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method shows promise with some advantages over other methods, such as its readiness for use on experimental
data, simple calculation methods and inherent feature-indicative metrics. The method has been applied to a
damaged plate, showing how it can be used to extract signals that contain information due to the presence of
damage. Parameters from the method have been analysed to determine its characteristics when used at varying
propagation distances; these showed that consideration of the sensing location with respect to the damage and
boundaries must be taken. Further work will be done on phase/distance alignment in order to utilise this method
on cross-modelling strategies, such as laser scanning for the nominal waves and PZT sensing of the individual
signal.
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