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Abstract. Monitoring of structures based on structural health monitoring (SHM) 
provides a variety of significant challenges. One of them is related to simulation, 
which is a necessity with respect to determining an optimum transducer configuration 
for a SHM system. The example to be considered in the end is a metallic patched 
repair of an aircraft fuselage component considering different damage scenarios for 
which guided wave simulations have been performed such that an SHM system can 
be developed. In this context the sensor pattern, actuation pattern and the input signal 
have been varied for reasons of optimization. The guided waves generated have been 
used to analyze the signals obtained with artificial intelligence (AI) algorithms trying 
to identify key performance indicators (KPI) with respect to SHM. Further methods 
considered with respect to AI are principal component analysis (PCA), artificial neural 
networks (ANN), time reversal methods or the Gaussian mixture model. The results 
obtained are presented and discussed in light of concluding the significance of 
simulation in SHM.  

Introduction 

The primary aim of repairing aircraft structures is to ensure the integrity of the aircraft 
structure by restoring the damaged parts to their original condition. In an aircraft fuselage 
one of the ways to repair is to add a patch over the damaged area using the same or even a 
different material. Attachment is often done by riveting and sometimes also by bonding and 
material combinations between metals, and polymer-based composites has also become 
increasingly popular. Repairs can often also become rather complex and non-standard, which 
may result in some unique piece of engineering work. As a consequence, there is a risk of 
those repairs to get damaged again in service and as a consequence structural health 
monitoring (SHM) has become an interesting option to safeguard the integrity of those repairs 
specifically when they have even been designed damage tolerant. With this, the condition of 
the repair can be evaluated continuously.  

An SHM system is a monitoring system where sensors and possibly also actuators 
and hence the non-destructive testing (NDT) technology become an integral part of the 
structure being monitored. As such the number and location of sensors and possibly also 
actuators allowing a tolerable damage to be detected reliably have to be decided in advance. 
A strong option in that regard is numerical simulation when being available, since this allows 
an understanding of the physical processes involved with respect to reliably detecting a 
tolerable damage defined.  
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Among the various NDT techniques being available acoustic wave propagation 
analysis and vibrational analysis are two techniques being very much considered in SHM [1]. 
Both techniques can be in a passive and an active mode where in the passive mode signals 
are generated by damage (acoustic emission) or operational loads (modal analysis) while in 
the active mode actuators are generating the respective acoustic or vibration signal. Lamb 
waves (also called plate or guided waves) are dispersive waves, which are guided between 
two parallel preferably free surfaces such that the acoustic impedance between the structure 
considered and its environment becomes significantly different. As a consequence, the waves 
being generated by an actuator can comparatively travel long distances with limited energy 
loss. Considering this phenomenon, it is used in tubular structures such as pipelines. 
Currently within the context of SHM it is also very much discussed with respect to aircraft 
structures and also other applications. The two modes being characteristic for Lamb waves 
are the symmetric and the antisymmetric mode, where each of the modes is characterized by 
its fundamental (mode 0) and its higher harmonics (modes 1,2,3, ...). Since Lamb waves are 
dispersive, each of the modes propagates at different speeds depending on the excitation 
frequency applied.  

In case damage occurs in a structure the constant shape of the structure will be 
disturbed and the Lamb wave travelling as well. As a consequence, the difference of the 
Lamb wave signals between the pristine and the damaged condition becomes a clear indicator 
regarding the damage’s severity and location. Lamb waves can be generated by different 
methods such as non-contact techniques by using a laser [2], air-coupled transducers [3] and 
laser-induced plasma shock waves [4]. However, contact methods like using Giant 
Magnetostrictive Actuators (GMS effect) [5], electromagnetic transducers (EMAT) [6] and 
piezoelectric transducers (PZT) are the options more frequently used.  PZT, especially 
piezoelectric wafer active sensors (PWAS) are the most popular ones used because of their 
low weight and volume and their ease in being integrated into structures. Also, with the 
PWAS, Lamb waves can be generated even with very few micro volts. 

SHM systems being integrated into a structure can be exposed to a variety of 
environmental conditions while being in operation. This will further enhance the complexity 
of the SHM system and specifically the Lamb wave signals being generated including their 
interpretation. As a consequence, there is a need for a standardized process along which the 
phenomena monitored can be determined by excluding the external influences on purpose. 
Finite Element (FE) modeling and analysis is a cost and time effective solution in that regard 
and the analysis can be done in a very distinct way. Some of the models may even allow the 
environmental factors to be simulated. In order to increase the probability of detection (POD), 
artificial intelligence such Artificial Neural Networks (ANN) can be developed and trained 
to get a desired optimal solution [7] possibly represented by Key Performance Indicators 
(KPI).  

In this paper, Lamb wave signals are generated by simulating different models with 
the FE software COMSOL Multiphysics and different kinds of analysis are performed with 
the signals in view of determining KPIs. These KPIs can be used as an input for the ANN, 
which can help the network to enhance the results with respect to a higher POD. 

 
 Theory  

 
Lamb waves have been named after Sir Horace Lamb, one of the men who discovered guided 
waves. Lamb waves as shown in Fig 1 are traction-free acoustic waves that are guided 
between two parallel free surfaces of a thin plate having a significantly different acoustic 
impedance when compared to its environment. They are dispersive in nature, which means 
their phase and group velocities depend on the excitation frequency [8].  The reader is 
referred to [9] for transformation of Rayleigh–Lamb frequency equations into an equation 
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with only real values of wavenumbers k and also to [10] for the numerical solution of the 
equation. The dispersion curves are the numerical solution for the Rayleigh-Lamb equations. 
Within the Matlab software, the Lamb toolbox [11] was used to generate the dispersion 
curves. Fig 1 shows the group velocities versus the frequency for the material ‘Aluminium 
2024 T3 of 2mm thickness’. In order to make the analysis simple, the excitation frequency is 
kept at a lower range so that only the fundamental frequencies do occur in the plate.  

Fig 1 : Lamb waves travelling in a plate. The arrows represent the particle movement. Symmetric wave 
(S0) is out of phase from the mid plane (left-top) and anti-symmetric wave (A0) is in phase from the mid 
plane (left-bottom). Group velocity dispersion diagram and the respective mode velocities for 270 kHz 

of excitation frequency(Right). 

Simulation 

The material used for analysis is Aluminium 2024 T3 with 2mm thickness, density 2700 kg/m3, 
Youngs modulus of 70 GPa and Poisson’s ratio 0.33. The material of the PZT is Lead 
Zirconate Titanate 5A with Density 7750 kg/m3 and Poisson’s ratio 0.33. The elasticity 
matrix (GPa) being E11 , E22 , E33 , E44 , E55 , E66 , E12 , E13 = 120.4, 120.4, 110.9, 21.1, 21.1, 
22.6, 75.2, 75.1 respectively, coupling matrix (C/m2) being C15 , C24 , C33 , C31 , C32 = 12.3, 
12.3, 15.8, -5.4, -5.4 respectively and the relative permittivity matrix being ε11, ε22, ε33 = 
919.1, 919.1, 826.6 respectively. The diameter and thickness of PZT is 8 mm and 0.48 mm 
excited with a voltage of 1 V. A 5 cycles Hanning window function was used for excitation.

COMSOL Multiphysics is a Finite Element software in which there is a possibility to 
combine different physical phenomena. For generating Lamb waves, the structural mechanics 
and the piezo electrics modules in COMSOL are combined. Analyzing the signals from a 
patched repair is an interesting but complicated task because of various mode conversions 
occurring due to waves travelling through varied thicknesses as shown in Fig 2.  

Fig 2 : Model of patch-repaired specimen according to [13] (dashed lines represent the cut-out region 
below the patch) and the signal recorded by the sensor. 
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As a consequence, a stepwise approach is considered. For analysis purposes just in 
view of generating signals, a 2D simulation is sufficient in the first place because of the 
limited number of degrees of freedom and the simulation speed when compared to a 3D 
simulation. Following an enhancement in structural complexity a single plate, a lap joint and 
a patched repair have been considered for simulation where, the model of the patched repair 
has been taken from [12]. Tasks to be performed while simulating have been to identify the 
locations where transducers should be placed best, where the method of differential imaging 
[13] has been applied that can be even combined with damage parameters [14]. 

For now, the single plate configuration is shown in Fig 3. Selective mode excitation 
is preferred in order to reduce the complications in signal processing. Either the S0 mode or 
the A0 mode can be generated by placing two actuators on the top and bottom of the plate. 
The pure S0 mode is generated by actuating the two PZT wafers with the same polarity while 
the pure A0 mode is generated by actuating the two PZT wafers with opposite polarities. The 
simulation results obtained are shown in Fig 4 for the Al 2024 plate of thickness 2 mm. All 
results were obtained using a 270 kHz excitation frequency with the time domain signals 
being measured with a step of 0.1 µs. 

 

 
Fig 3 : Sketch of 2D plate, solid box being actuators and the patterned box being the sensor 

 

 
Fig 4: Results of single mode excitations. Dashed lines for S0 mode only and solid line for A0 mode 

only (black) compared to normal mode of excitation in which both modes exist (red) 
 
 In order to get the highest amplitude in the signal, a frequency sweep has been carried 
out with frequencies ranging from 100 kHz to 500 kHz with a step of 10 kHz. The frequency 
sweep was carried out for modes S0 and A0 separately and their normalized amplitude 
distribution is shown in Fig 5. These amplitudes are compared to some theoretical analytical 
result obtained from the software WAVEFORM REVEALER [15].  

In simulation, the velocity and amplitude of the Lamb waves can be very sensitive to 
the mesh size because it is dependent on the wavelength [9]. This is true in the case of A0, 
which can be seen from Fig 5. Smaller mesh sizes yield better results but at the price of 
increased computation effort and time. As to be seen from Fig 5, frequencies below 270 kHz 
look to be a good frequency-mesh size tradeoff for the available resources. The excitation 
frequencies of 270 kHz for the S0 mode and 150 kHz for the A0 mode look to be optimum 
for aluminium T2024 2 mm thick plates. 

500 mm 
150 mm 200 mm 

            S0                               A0                     S0 reflected  
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Fig 5: Simulated amplitude for symmetric (left) and anti-symmetric modes (right) based on different FE 

mesh sizes. 
 

 Analysis 
 

First simulation studies have been performed on the plate specimen shown for the pristine 
condition in Fig 3 and the artificially with a surface slit ‘damaged’ condition in Fig 6. 
Different KPIs have been selected for which the signals were captured only up to 92 µs such 
that boundary reflections of the guided waves could be avoided. The different KPIs having 
been considered are briefly described below. 
 

 
Fig 6: Plate with a crack at 250 mm from the corner. Crack width is 0.5 mm  

and depth is 1.5 mm 
 

4.1 Amplitude and phase shift 
 

This technique is the classic way of analysing signals and detecting damage. If a baseline 
signal is compared to the signal from the damaged specimen, a change in amplitude and phase 
can be observed. Fig 7 shows the peak amplitude pattern for a change in width and depth for 
the S0 mode. The S0 mode is very sensitive in detecting through the thickness cracks 
recorded in an amplitude and phase shift. The difference in signal between the pristine and 
damaged condition is an indicator of crack severity and hence a KPI.  

 

 
Fig 7 : Zoomed region near maximum peak of S0 mode representing time and phase shift of different 

crack depths for a crack width 0.5 mm; time domain signals (left) and difference to pristine condition for 
cracked conditions (right) 

 
 

250 mm 
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4.2 Hilbert Transform 
 

Hilbert transform ( )H t  is a signal transformation technique which is used to canvas the 
energy distribution over time [16]. The real part of the signal is phase shifted to 90º for 
constructing the analytical signal (Eq. (2)). ( )e t  is a module of ( )AF t  from which the 
envelope of the signal is obtained to reveal the energy distribution of ( )f t  and from the 
imaginary part, the phase angle information ( )tφ  of the signal is determined as shown in Fig 
8. The Hilbert transform is defined as  

 ( ) ( )1 d
f

H t
t
τ

τ
π τ

+∞

−∞

= ⋅ ⋅
−∫  (1) 

 ( ) ( ) ( ) ( ) ( )ii e e t
AF t f t H t t φ= + =  (2) 

where, ( ) ( ) ( )2 2e t f t H t= +  ; ( ) ( )
( )

1 d arctan  
2 d

H t
t

t f t
φ

π
 

= ⋅   
 

 (3)  

 
Fig 8 : Hilbert envelope of the time domain signals (left) and respective smoothened, unwrapped phase 

angle (right) both at instantaneous frequency. 
 

The Hilbert envelope shows the energy distribution for different crack lengths. The 
amplitude decreases as the crack depth increases. The instantaneous frequency plot indicates 
the unwrapped phase angle of the Lamb wave signal which in turn gives the information 
about different frequencies at different times. 

 
4.3 Short time Fourier transform (STFT) 

 
The time frequency representation (TFR) is a transform done to visualize the frequency 
components occurring at different time instances. Short time Fourier transform is a technique 
in which the signal in time domain is chopped into a series of small overlapping pieces [17]. 
The STFT ( ),S tω  is defined as 

  ( ) ( ) ( )i1, e d
2

S t s h tωτω τ τ τ
π

∞
−

−∞

= −∫  (4) 

where, ( )h t  is the window function. It is to be noted that in STFT, both time and 
frequency for a signal cannot be resolved at the same time. Therefore, the window length has 
to be changed appropriately for different applications. For analysis, the Hanning window 
with a length of 151 µs and an overlap of 98% was used. The power spectral density of STFT 
is the absolute of ( ),S tω . It was converted to dB scale and the frequencies below -35 dB 

 
 

Frequency of S0 

Frequency of mode 
converted A0 

Frequency during mode 
conversion 
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Energy of mode 
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were suppressed. The magnitude can be used as a KPI. The result of STFT is shown in Fig 
9. 

 
4.4 Smoothed Pseudo Wigner-Ville Distribution (SPWVD) 

 
Wigner-Ville distribution (WVD) is a type of time-frequency representation which 
overcomes the limitation of STFT with localization in both time and frequency. The major 
issue with WVD is the interreference due to cross terms with non-zero values. Hence the 
modified version of WVD, the SPWVD is used to overcome the cross terms [18]. SPWVD 
is given by  

  ( ) ( ) ( ) * 2, e d
2 2

j fS t f h g s t x s x s dsπ ττ ττ τ−   = − + −   
   ∫∫  (5) 

where x* is the complex conjugate of x, h and g are the smooth window function for time and 
frequency respectively. In order to compare SPWVD with STFT, the same window size of 
151 µs with Kaiser (Kaiser was better for this TFR) window was used for both h and g. The 
end result is the power spectrum that had been processed the same way as STFT and is shown 
in Fig 9. 
 

 
Fig 9: Results for crack depth 1.5 mm with STFT (left) and SPWVD (right). For both TFRs a window 

length of 151 µs was used. 
 
4.5 Statistical methods 

 
The following statistical methods are KPIs in which the baseline signal is compared to the 
signal from the damaged specimen.  

 
4.5.1 Linear Correlation Coefficient  

 
Two signals are compared by using a linear correlation of Pearson type defined by equation 
(6) which compares the two-time instances in this case being two signals x and y which return 
a value based on their similarity. It is normalized between 0 and 1 where 1 represents totally 
identical signals. In the equation, µ  is the mean, Cxy  the covariance, σ  the standard 
deviation and k the total length of the signal respectively. 

 

  
( )( )

( ) ( )
1

22

1 1

 
x

k
k x k yk

k k
x y

k x k yk k
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y

µ µ
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=
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∑ ∑
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4.5.2 Autocorrelation Coefficient 
 

Correlation is a technique which is used to compare two variables or measured data signals 
(cross correlation) to see how similar they are to each other [19]. Autocorrelation or serial 
correlation is the correlation of a signal with a delayed copy of itself as a function of delay 
(time lag). The result in the statistical method is normalized between 0 and 1 while in the 
signal processing method the result is not normalized [20]. Usually the statistical method is 
often used because the normalized values can be used for further analysis. The 
autocorrelation coefficient   kr is defined as [21], 

  ( )( )
10

1 ;    
T k

k
k k t t k

T

cr c y y y y
c T

−

+
−

= = − −∑  (7) 

where, 0c  is the sample variance of the time series ty ,  y is the mean of the respective 
data set and k is the lag of the data set. The ratio of the envelope of the autocorrelated signal 
of the damaged specimen to the baseline signal (Fig 10(b)) shows at which time the Lamb 
wave modes are interacting with the crack.  

 

 

 
 

Fig 10 : (a) Envelopes of the autocorrelated signals (b) ratio of envelopes of signal from damaged 
specimen to the baseline signal. (c) and (d) are snapshots from simulation showing the wave interaction 

at 18 and 33 µs respectively (e) waves at around 49 µs having finished interaction with the damage. 
Dashed circles indicate the region of the artificial crack. 

 
The snapshots from simulation are shown in Fig 10 (c), (d) and (e) and indicate that 

the peak at 18 µs is related to the S0 packet starting to interact with the crack, the peak at 33 
µs is related to the S0 wave being mode converted to the A0 mode at highest energy and the 
time around 49 µs indicates that the interaction of the waves with the damage is complete 

(a) (b) 

(d) 

 

(c) 

 

 

(e) 
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respectively. The amplitudes of peaks at 33 µs and 49 µs can be used as the KPIs and this 
information can be used to calculate the crack location (distance) from group velocity. 

 
4.5.3 Root-Mean Square Deviation (RMSD) 

 
RMSD is defined as, “A measure of accuracy, to compare forecasting errors of different 
models for a particular dataset and not between datasets, as it is scale-dependent” [22]. The 
respective equation can be written as [23] 
 

  ( ) ( )( )2

1

k

t
x t y t

RMSD
k

=
−

= ∑  (8) 

   
where, x is the reference signal and y  is the signal to be compared. k is the total 

length of the signal. The results are between 0 and 1 where 0 being the signal with no error 
which is identical to the reference signal. 
 
4.5.4 Mean Absolute Error 

 
Mean absolute error is the measure of distance between two continuous variables and is 
simply the ratio mean of absolute values of the difference between the data of signals and the 
total length of the signal. It is given by [23] as, 
 

  ( ) ( )1

k

t
x t y t

MAE
k

=
−

= ∑  (9) 

  
where x and y are the baseline signal and the signal from the damaged specimen 

respectively. k is the total length of the signal and the values are again normalized from 0 to 
1 where 0 being the signal with no error which is identical to the reference signal. 
 
 KPI Determination Results 

 
The above analysis has shown for a first example of low complexity that Lamb wave 
simulation can serve as a means to identify KPIs. KPIs, which have been considered here as 
Lamb wave signal inherent features, are features either generally used or published in the 
open literature. The KPIs shown here do describe a clear relationship with damage size. This 
has been observed with the classical parameters such as amplitude and phase (Fig 7) but also 
the Hilbert transform (Fig 8) and the autocorrelation (Fig 10(b)). A similar conclusion can be 
drawn with respect to the statistical methods. The results are summarized in Table 1 below.  

All of those KPIs can be clearly quantified and it may be worth getting those 
normalized such that a true comparison regarding their sensitivity can be shown. 
Autocorrelation can even determine the time when the Lamb wave interacts with the damage 
and it weakens the influence from boundary reflections. STFT and SPWVD are KPIs, which 
show a sensitivity to damage as well, however, its result is displayed in a frequency-time 
diagram from which a quantifiable number first needs to be derived. The next questions to 
be answered now are if the same ‘topology’ of normalized KPIs is obtained for the same type 
of damage when the complexity of the structure to be analyzed increases and if a combination 
of KPIs may enhance POD. 
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 (X=Baseline, Y=Damaged) (different depths of crack) 
Raw Signal X Y(0.5mm) Y(0.5mm) Y(0.5mm) 

Amplitude (V)(S0) 0.131 0.130 0.105 0.068 
Time (µs) (S0) 48.8 48.9 49.0 49.1 

Difference of Signals X-X X-Y(0.5mm) X-Y(1mm) X-Y(1.5mm) 
Amplitude (V) (S0) 0 0.017 0.045 0.080 

Time (µs) (S0) 0 48.0 48.3 48.6 
Hilbert Envelope X Y(0.5mm) Y(0.5mm) Y(0.5mm) 

Energy (Normalized)(S0) 1 0.994 0.807 0.522 
IF (kHz) (S0) 270.79 271.78 271.07 269.96 
Time(µs) (S0) 48.6 48.7 48.8 48.8 

Energy (Normalized)(A0) 0.0046 0.0280 0.0674 0.0802 
IF (kHz) (A0) 254.29 257.19 254.74 252.96 
Time(µs) (A0) 72.3 68.6 68.5 68.4 

Autocorrelation Ratio  X/ X Y/X(0.5mm) Y/X(1mm) Y/X(1.5mm) 
Amplitude (S0) at 18.5 µs  0 6.052 18.304 34.099 
Amplitude (A0) at 33.5 µs  0 46.532 131.953 217.448 
Other Statistical Methods X-X X-Y(0.5mm) X-Y(1mm) X-Y(1.5mm) 

LCC 1 0.990 0.943 0.838 
RMSD 0 0.003 0.009 0.016 
MAE 0 0.001 0.004 0.007 

Table 1 Results for the different methods with different crack conditions 
 

 Conclusion and Future work 
 

When considering the Lamb wave signals, the information about the delamination, crack and 
deformation in the structure is hidden in the signal and the fact that Lamb wave signals are 
non-linear (what the sensor is measuring is not directly related to the excitation signal of the 
actuator), definitely one has to perform different kinds of transformations and signal 
processing in order to study about the Lamb wave signal. All the above methods were studied 
for the single plate with an artificial surface crack so far and will be expanded to the patched 
repair shown in Fig 2 above. The selection of KPIs is not limited to what has been presented 
but is rather open to whatever may be proposed otherwise or developed in the future. This 
may include techniques such as principal component analysis (PCA), time reversal methods 
or the Gaussian mixture model, to just name a few. However, the flavour of such a 
comparative study and the approach in terms of KPIs can serve as a template on how to 
benchmark KPIs at its best. A next step is now to combine the various KPIs such that an 
enhanced result in terms of classification, quantification and location of the damage can be 
found. This is considered to be done in terms of an ANN. The different KPI results will 
therefore be combined to an input vector, which tells the information of the structure in 
different aspects. With this the ANN can learn on how to converge the different KPIs to the 
desired outputs such as an enhanced POD for a complex damage tolerant structure in a 
controlled space represented by the structural repair mentioned above. The approach to be 
taken in that regard is shown in Fig 11 and may also serve as an instrument on how to handle 
the SHM system design issue in the sense of big data handling in the longer term.  

 
Fig 11 : Approach to optimize best practice KPIs through an ANN 
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