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Abstract 
This work presents a damage detection technique which involves three steps, namely, data generation, signal 
processing or sparse signal approximation, and classification using machine learning algorithm i.e. Artificial 
Neural Network (ANN). Lamb-waves, which are elastic waves that travel in traction free thin-walled solid 
structures, are considered highly suitable for damage detection. The database of Lamb wave response for 
damaged and undamaged structures are generated using a finite element (FE) method. The data generation step 
consists of two sub-steps; firstly, the wave propagation response is recorded for a healthy plate. Next, in the 
simulation, a defective specimen is modelled by creating an open rectangular crack in healthy specimen. To 
reduce the complexity of the Lamb wave response, asymmetric mode is selectively generated and sensed. The 
time domain results obtained for defective specimen are compared with the baseline wave signals (healthy 
specimen) to determine the presence of damage. In this study, Orthogonal Matching Pursuit (OMP) has been 
tested with machine learning algorithm, ANN to automate the process of damage detection. Signal processing 
step involves increasing the sparsity of the signal using OMP algorithm with the aim to reduce the number of 
nonzero data-points to improve machine learning classification. The OMP algorithm also succeeds in extracting 
meaningful pulses from simulated noisy signals. The output wave response database from the signal processing 
is passed as input data for ANN. The Feed Forward Neural Network (FFNN) is selected for this study in which 
no connections exist between nodes that are not in adjacent layers. 70% of the input database is used for training, 
15% for validation and 15% for testing of the ANN. This study demonstrates that the OMP reduces the non-zero 
data points approximately to one fourth and the ANN is a robust classifier and can estimate the location of 
damage with an error of 3-4 %. 
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1.  Introduction 
 
Damage can be defined as changes introduced into a system that adversely affect its current or 
future performance. Implementation of a damage identification strategy for aerospace, civil 
and mechanical engineering infrastructure is referred to as structural health monitoring 
(SHM). This process involves the observation of a structure or mechanical system over time 
using periodically spaced measurements, the extraction of damage-sensitive features from 
these measurements and the statistical analysis of these features to determine the current state 
of system health. The schemes available for SHM can be broadly classified as active or 
passive depending on whether or not they involve the use of actuators, respectively. Passive 
schemes which have been demonstrated with some success are Acoustic emission (AE) and 
strain loading monitoring. However, these passive techniques require higher sensor densities 
on the structure. Unlike passive methods, active schemes are capable of exciting the structure 
and, in a prescribed manner, they can examine it for damage within seconds, where and when 
required. Guided lamb wave testing has emerged as a very prominent option among active 
schemes. It can offer an effective method to estimate the location, severity and type of 
damage, and it is a well-established practice in the non-destructive evaluation and testing 
(NDE/NDT) industry. Lamb waves are guided waves which can exist in plate-like thin bodies 
with parallel free boundaries. The actuator sensor pair in Guided Wave testing has a large 
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coverage area, resulting in fewer units distributed over the structure. The present study 
concerns with ultrasonic guided wave based damage detection techniques employed for two-
dimensional metallic plate structure. The complexity of the lamb wave can be reduced via 
some signal sparse representation algorithm and the detection can be automated by some 
machine learning techniques. Structural damage, defect or crack in structures used in 
aerospace, civil and infrastructure applications during service life can result in catastrophic 
failure. It is essential to develop health monitoring techniques which would lead to cutting 
down the time for which structures are offline when they are damaged or defected. These 
techniques will result in cost saving and reducing labour requirements. These cases are more 
prominent in the ageing aircraft structure which is repeatedly subjected to cyclic loads. Even 
the confidence level in operating in such structures would increase as condition based 
monitoring would provide new safeguards against unpredictable structural degradation of 
aging structures. Propagation of Lamb waves is highly complicated due to dispersion, wave 
splitting into multiple modes, and waves reflected from boundaries and discontinuities. As the 
Lamb wave responses are complicated, some signal processing technique is required for the 
sparse signal representation. Data driven based approach doesn’t require a prior knowledge of 
the structure’s parameters unlike the model based approach. The aim of this work is to 
develop technique to detect defect/damage in a structure and estimate its location using some 
signal processing technique and machine learning. 
 
2.  Finite Element (FE) simulations 
 
2.1 Simulation Parameters  
 
The Finite element simulation for damage detection is carried out in commercially available 
software package, ANSYS. All the sensor data is plotted in MATLAB. The plate is modelled 
in the thickness plane with plane strain assumption. The plane strain approximation saves 
computational time without affecting the trend of results. The test specimen is modelled using 
a PLANE-183 (8-node quadrilateral) elements. Time step size and element size used for the 
simulation greatly affects the time and accuracy of the simulation. Selection of element size 
and time step is crucial in FE simulation of wave propagation. The maximum element size 
and time step to ensure accuracy is selected based on the expressions: 

Element size          Time Step  

 Mesh size of 0.5 mm and a time step of 0.2 μs is used to ensure the accuracy of the 
simulations. The specimen was densely meshed, with much smaller elements to accommodate 
the complicated mechanical response. An 8.5 cycle sinusoidal modulated tone burst of 
frequency 100 kHz has been used for excitation of signal as shown in Figure 1. 
 

 
 
 

 
 
 

Figure 2: Schematic of Undamaged Plate  
      Figure 1: Tone burst excitation signal 
 



2.2 Modelling and Simulation of plate   
 
2.2.1 Finite element modelling of undamaged plate 
 

A two-dimensional thin aluminium plate of length 1 m and thickness 1.2 mm has been used 
and only the thickness plane in the direction of wave propagation is modelled for generation 
of Lamb wave in the specimen, using plane strain assumption. The material properties of 
aluminium are considered and is as follows: density 2712 kg/m3, Poisson ratio 0.3 and 
Young’s modulus 70 GPa. The schematic of the undamaged plate used in this case for 
simulation is shown in Figure 2.  

 
2.2.2 Velocity response of lamb wave (undamaged) 
 

As shown in the schematic, velocity response is recorded using the sensor (node) placed 
exactly at the middle of the plate. Response from the sensor is shown in Figure 3, showing 
both the showing both A0 and S0 modes. 
 

 
Figure 3: Lamb wave response (Particle velocity in x vs time) for the undamaged Plate 

 

 
2.2.3 Validation of velocity response  
 

 
Figure 4: Group Velocity Dispersion Curve  

Dispersion curve is plotted for the given specifications and material of the plate. A MATLAB 
based interface, Wavescope developed by University of South Carolina is used to plot the 
dispersion curve [1]. Velocity for A0 from the dispersion plot comes out to be around 1939 
m/s and S0 for around 5403 m/s at frequency of 100 kHz. Arrival time of the A0 and S0 wave 
packet is subtracted from the peak time of the incident signal to calculate the velocity for A0 
and S0 from the velocity response. The table below shows that the velocity response from the 



simulation of lamb wave is less erroneous and this configuration of actuator and sensor can be 
used to simulate the plate with the crack. 

 

                                 
Table 1: Velocity Comparison                                                    Figure 5: Schematic of plate with notch 

 
2.2.4 Finite Element modelling of damaged plate  
 

An open crack is introduced in plate to model the damage. A rectangular notch of 1cm x 1.2 
mm is made at the 1/4th of the length of the plate, as shown in Figure 5. 
 
2.2.5 Velocity response of lamb wave (damaged)  
 
As shown in the schematic, velocity response is recorded using the sensor (node) placed 
exactly at the middle of the plate. Response from the sensor is shown in Figure 6. 
 

 
Figure 6: Lamb wave response (Particle velocity in x vs time) for the damaged Plate  

 
A mode conversion is observed when the lamb modes interact with the discontinuity or 
damage. An A0 mode converts into both A0 and S0 modes referred as A0A0 and A0S0 
representing A0 mode generated from an A0 mode and S0 mode generated from an A0 mode 
respectively [5]. The same pattern of nomenclature follows for the mode conversion in the 
case of S0 mode. The circled wave packets in the velocity response shows the new wave 
packets which are formed due to the mode conversion at crack and their reflections from the 
edges. It is difficult to process this data for feature extraction and pattern recognition because 
of the complexity of the wave packets in the response. Hence, A selective generation of the 
mode is preferred for simulation. 
 

2.3 Selective Mode Generation  
 

Dispersive nature of Lamb waves makes the analysis of data a challenging task. Complexity is 
further increased due to presence of multiple modes and reflections from the edges and 
discontinuities.  Complexity in simulation can be reduced by selectively generating the A0 and 
S0 modes. Selective generation of lamb wave modes are achieved by placing the two opposite 
poled PZT patches exactly one below another [2]. Generally speaking, both the S0 and A0 
mode are sensitive to structural damage, and both can be used for identifying damage, though 
the A0 mode exhibits higher sensitivity to damage in the structural thickness and delamination 

Mode Dispersion curve    
(m/s) 

Velocity response 
(m/s) 

A0 1939 1866 
S0 5403 5359 



in particular whereas the A0 mode outperforms the S0 mode with higher sensitivity to surface 
damage such as surface cracks, corrosion or surface crack growth. In this study, A0 mode is 
selectively generated. It’s merit over S0 mode includes shorter wavelength at a given 
excitation frequency and larger signal magnitude.  
 

2.3.1 Finite element modelling of undamaged plate 
 

For selective generation of the A0 mode, two point forces 5 mm apart are applied on top and 
the bottom surface in the opposite direction. The forces are applied almost at the edge of the 
plate and sensor is located at the middle of the plate. 
 

       
      Figure 7: Schematic of the undamaged Plate;                                   Figure 8: Lamb wave response; 

Selective generation of A0 mode                                                    Selective generation of A0 mode 
 

2.3.2 Velocity response of lamb wave (Undamaged)   
 

As shown in the schematic, velocity response is recorded using the sensor placed exactly at 
the middle of the plate. Response from the sensor located on the top of the plate is shown in 
Figure 8, showing only the A0 mode. 
 
2.3.3 Finite element modelling of damaged plate 
 

An open crack is introduced in plate to model the damage. A rectangular notch of 1cm 
*0.6mm is made at the 1/4th of the length of the plate as shown in Figure 9. 
 

 
Figure 9: Schematic of the Plate with notch; Selective generation of A0 mode 

 
 

 
Figure 10: Lamb wave response; (a) Sensor 1; (b) Sensor 2; (c) Subtraction plot 



2.3.4 Velocity response of lamb wave (damaged)   
 

Symmetric in-plane signals i.e. A0S0 are eliminated by subtraction of response of the top 
sensor (1) from the bottom sensor (2). Hence, A0A0 and similar signals are the major residuals 
modes after subtraction. Response from both sensors and subtraction plots is shown in Figure 
10. 
 
3.  Signal Processing: Orthogonal Matching Pursuit  
 
3.1 Orthogonal Matching Pursuit  
 

The Matching Pursuit (MP) is a well-known technique for sparse signal representation. MP 
approach is basically a 'greedy' algorithm which iteratively projects signal onto a large and 
redundant dictionary of waveforms and chooses a waveform from that dictionary that is best 
adapted to approximate part of the waveform. The signal is decomposed into waveforms 
selected among a dictionary of time-frequency atoms that are dilations, translations or 
modulations of a single window function. The matching pursuit algorithm is very simple. But 
because of the sub-optimality, it suffers from slow convergence and poor sparsity result. The 
orthogonal matching pursuit (OMP) removes this drawback by projecting the signal vector to 
the subspace spanned by the selected atoms [3]. The atom selection method in OMP remains 
the same as in MP. Because of the orthogonalization, once an atom is selected, it is never 
selected again in subsequent iterations. Each iteration of the algorithm consists of two steps: 
an atom selection step and a residual update step. The atom selection step finds the atom 
which has the highest correlation with the current residual error.  
 

 
 

The dictionary selected for OMP in the analysis is the Daubechies' least asymmetric wavelet 
[2]. The symlet wavelet dictionary is selected as it retains high energy in fairly less number of 
iterations. Symlet wave of level 4 with 5 vanishing moments is selected for this study. The 
automated damage detection technique consists of two major steps. First step involves 
increasing the sparsity of the signal using OMP with the aim to reduce the number of nonzero 
data-points to improve ML classification. The second step is the ML classification where 
ANN have been tested and used. Orthogonal Matching pursuit is used to reduce the non-zero 
data points. This signal processing technique is implemented in MATLAB. After using the 
OMP, the idea of reflections from the edge or the damage are much clearer. The magnitude of 
reflection from the end or the boundary are larger than the reflection from the damage. The 
stopping criteria used in this study is the no of iterations. The no of iterations is decided by 
running the simulations for different no of iterations and iteration at which the only the three 
different modes (1 from the reflection from damage and 2 different modes from the reflection 
from the edges) are clearly represented in signal is used in this study. OMP is used on all the 
velocity- time response data with the different damage locations to reduce the number of non-
zero data points. Comparison of the velocity response after and before using OMP for one of 



the damage location is shown in Figure 11 and Figure 12. Out of 5000 total data-points after 
using OMP, only around 1100-1200 non zero data points remain. All the unnecessary features 
like noise are discarded from the signal. Examples with different damage locations have been 
considered to emphasize the efficiency of OMP in achieving sparsity. Figure 13 shows the 
comparison of the non-zero data points before and after OMP for one of the damage location. 
The comparison plot is for three different locations of damage. It is observed that the number 
of non-zero data-points almost reduced to one-fourth. 
 

                                                                                                    

Figure 11: Velocity- time response: Before OMP                     Figure 12: Velocity – time response: After OMP 
                   Damage location (25 cm)                                                             Damage location (25 cm)       
 

 
Figure 13: No of Non-zero data points 

before and after OMP 
                                                                            

 

4.  Machine Learning: Artificial Neural Network 
 

4.1 Training of Neural Network  
 

In this study, for training of ANN network a database consisting of velocity responses 
processed by OMP is used. The input database has around 20,000 rows of data. It consists of 
two columns with one column having the velocity response and the other column having time. 
Edges are estimated based on time computed using velocity and length of the plate. The 
output / target dataset consists of binary values with 1 for reflection from damage and 0 for 
the remaining points. 
 
4.2 Artificial Neural Network Scheme  
 

In this study, the ANN scheme is implemented using MATLAB Neural Network Toolbox [6]. 
A two-layer feed-forward network space, with sigmoid hidden and output neurons, has been 
used. The network is trained with scaled conjugate gradient back propagation. Here, 10 
hidden layers have been considered as shown in Figure 14 which depicts the implemented 
ANN schematic. In Artificial Neural Network the complete input dataset is divided into three 
subset of data. (a)Training set – serves to train the model – 70%, (b)Validation set – serves to 
select the hyper-parameters – 15 % and (c) Test set – serves to estimate the generalization 
performance (error) – 15 %. 
 
                             



 
Figure 14: ANN scheme implemented 

 
4.3 Confusion Matrix and Performance - ANN  
 

The Confusion plot shows the confusion 
matrices for training, testing, and 
validation, and the three kinds of data 
combined. The network outputs are very 
accurate, as you can see by the high 
numbers of correct responses in the green 
squares and the low numbers of incorrect 
responses in the red squares. The lower 
right blue squares illustrate the overall 
accuracies.  
               The number of epochs is selected 
by stopping the training when validation set 
error increases (with some look ahead). In 
this case, the no of epochs has been tried up 
to 63 and 57 is found to be the best as after 
57 the Validation set error increases. Figure 
17 shows the above concept [4]. The 
training error always decrease with the 
increase in no of epochs because we are 
optimizing the training error through the 
stochastic   gradient descent algorithm. The yellow                    Figure 15: Confusion Matrix 
marker indicates the no of epochs after which the validation set error increases.  
  

   
                                         Figure 16: Performance Plot                                     Figure 17: No of Epochs Calculation                                     
 
5.  Damage Detection 
 
 

5.1 Damage Detection Technique 
 

For a single damage in the structure, the aim is to firstly select the right mode for determining 
the damage location. In general, the magnitude of reflection from a damage is small as 
compared to the edge reflection. The velocity of a wave packet can be calculated by 



Total distance travelled = (2x + 0.5) m = t*v 
 

                 
 

subtracting the peak time of the incident signal from the arrival time of the wave packet to 
calculate the velocity from the velocity response and the distance between the sensor and 
actuator and damage location is also known in the dataset. The velocity response from lamb 
wave after subtraction and before OMP shows mainly three wave packets (�0 兼剣穴結嫌, 嫌結健結潔建��結健� �結券結堅�建結穴). Time of arrival of these wave packets at sensor is used to detect 
their origin, reflection from different edges and discontinuities. The wave packet 1 
corresponds to the wave packet transmitted from the damage. Wave packet 2 corresponds to 
the one reflected from the damage first and then from the edge at the actuator end. Wave 
packet 3 corresponds to the packet reflected from the other end of the of the plate. It can be 
concluded that the wave packet 1 and 3 corresponds to the reflection from the edges and wave 
packet 2 corresponds to the reflection from the damage. 

      
                      Figure 18: Wavepackets                         Figure 19: Arrival of wavepackets (1,2 & 3)at sensor                                                                       
    
As the velocity of the wave packet 2 is known the arrival time of wave packet 2 can be used 
to find out the location of damage. After the Artificial Neural Network is trained, the network 
can be used to classify damage in the case of new dataset and thus the location of damage can 
be calculated. 
 
5.2 Damage Location Estimation 
 

The trained Neural Network is used to classify damage in the case of new damage dataset. 
Two dataset with the different damage location is used to test the efficiency of the Neural 
Network for the damage classification and location estimation. Damage location estimation 

for two new datasets (A &B) is shown 
where output of the network is plotted 
along with the wave velocity response. The 
area of the response spanned by the green 
line denotes the probability of damage. It 
can be observed that ANN is very effective 
to classify the damage. The arrival time for 

the wave packet (spanned) can be calculated by taking the average of the arrival time of the 
first and last peak point of the wave packet spanned. The wave packet 2 first get reflected 
from the damage (located at x) and then from the edge at the actuator end. 
        

               
 
                                                                        Figure 20: Damage location calculated from ANN & exact location                                    



 

     
      Figure 21:  ANN response for Data set "A"                      Figure 22:  ANN response for Data set "B" 
 
6. Conclusions 
 

Artificial neural network and OMP is used to automate the damage detection and estimating 
the location of damage. The error is less than 3-4 %. This study attempts to develop a data 
driven damage detection technique in metallic plate using Lamb wave response. The main 
motivation behind this study was to make the technique computationally efficient so that 
online health monitoring can be performed using the limited processing power available on-
board. The orthogonal matching pursuit algorithm successfully extracts meaningful pulses 
from simulated noisy signals. Hence, the technique possess potential for SHM of real-life 
aerospace structures, which would be explored in the future work. Also, the proposed 
technique presently works for detection of a single damage, further investigation and study is 
required on dispersion of Lamb waves to make this technique implementable for multiple 
damages. Other Configuration of sensor and actuators should be studied to improve the 
efficiency of the Damage detection. 
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