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Abstract 
The composite structures are widely used in aircraft, automobile, wind blade and other manufacturing industries 
due to their low density and high strength. However, the damage mechanisms of these composites are usually 
complicated because of the layered structure characteristics and the damage forms are various. For the safety 
reasons, the composite structures should be inspected or monitored periodically. Structural health monitoring 
(SHM) is an online structural damage detection, monitoring and safety evaluation technique for the key structures, 
such as aircraft, the bogie of high-speed train, wind blade, and so on. Lamb wave based SHM is considered to be 
one of the most promising and effective methods. It was widely proved to be effective in damage location, imaging 
and evaluation in the past two decades, and especially more efforts were concentrated on the composites. However, 
only little attention has been paid to the identification of damages of composites although it is really very important 
for the safety evaluation of the structures.  Therefore, a Lamb wave and Gaussian Mixture Model (GMM) based 
damage monitoring and identification method was studied to meet the needs of SHM for composites. Lamb wave 
is sensitive to the structural damages and the sensitivities of the different modes would be different to the various 
damages. Thus, using the multi-mode Lamb wave structural responses propagated in composites, multiple feature 
parameters could be extracted which have different sensitivities to the typical damages. As a classifier, GMM was 
used to classify the unknown damages. Specifically, the monitoring process can include the following steps: Firstly, 
the Lamb wave structural responses were acquired and a number of statistical characteristic parameters of the 
responses were extracted to construct the feature sample set that would be reduced the dimensionality by Principal 
Component Analysis (PCA) method. Secondly, various GMM models were trained for classification. Finally, the 
damage type was determined according to the likelihood function value of GMM. Experimental validation was 
carried out on a fiber glass enforced plate. The whole structure was divided into many sub regions to analyze the 
signal changes caused by different damages and to test the identification effect of the method. The experimental 
results shown that the robustness of the proposed method was well and that the damage identification was efficient 
for the composite plate. 
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component analysis (PCA), Damage identification 
 

1.  Introduction 
Structural health monitoring (SHM) techniques [1] can be applied to all types of structures. In 
the field of aerospace, SHM in the structural design of aircraft, flight, and maintenance in 
process of monitoring information can provide significant reference for structural safety 
assessment and can be used for assessment of its remaining life. 
Because of its high strength-to-weight ratio, high modulus and other advantages, composite 
material has potential application possibilities in many areas. There are more than 90% of 
aircraft body is made of composite materials [2]. However, fatigue, delamination, cracks, 
corrosion, impact hole and other damage are the typical damage of composite engineering 
structures which could happen now and then in the course of service. Micro-damage may easily 
change the dynamic properties of components, and affect the overall performance of structures. 
Structural damage, including repairable and irreparable damage. Slight damage to the surface 
of structure, just need to use mechanical method to repair damage. However, some kinds of 
damage which is minor but affect the application of the structural damage. For the sake of the 
safe use of the structure, it needs to replace materials. Therefore, the classification of damage 
forms has received much attention in the field of SHM [3]. 
Many scholars have focused on the problems of structural damage classification. S Lu [4] 
proposed RVM method to identify CFRP structural multi-damage state. T Lin [5] put forward 
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the self-organizing map (SOM) method as classifier to precisely identify defective gas insulated 
switchgear, based on the power spectral density (PSD) feature patterns. However, there are 
many problems for neural network method, such as training process is difficult to observe and 
training time is too long and this method needs huge numbers of samples.  
Recently, Gaussian mixture model (GMM) has been widely applied in the field of image, audio, 
face to recognition [6-7]. During the research of classifying training, GMM model can well 
reflect the data distribution within class in characteristic space. Moreover, GMM model adapts 
to a variety of distributions due to its mature theoretical basis. Therefore, the application of 
GMM in the field of damage classification is feasible. 
The Lamb wave monitoring technique are used to obtain signal data in the composite structure. 
Then, statistical characteristic parameters are extracted by Lamb wave response signal and 
reduced dimension by Principal component analysis (PCA) method [8]. The GMM classified 
model is applied to the classification of the type of damage. The overall experiment is 
implement on epoxy resin composite plate. 

2.  Specific Fundamental theory 
2.1 Theory of GMM 
GMM [9] is a model that uses Gauss probability density function (which is also called normal 
distribution curve) to quantify things precisely and decomposes a thing into several models 
based on Gauss probability function. The feature parameters of multi-mode Lamb wave 
response signal are different from Gaussian probability distributions of diverse type of damage, 
and different Gaussian probability distribution are consisted by different samples. GMM model 
can be used to classify the damage [10] by different damage which has diverse Gaussian 
probability distribution, and which is expressed as 
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The following is the introduction of various parameters for Eq. (1):  
θ: the parameter of Gaussian mixture distribution,  ss  ,...,,,,..., 2121  . 
x: the eigenvalue of sample signal. 
s: Gaussian components. 
αq: the mixed parameter of GMM, which indicates the probability of selecting the component 

part, and 1
1


s

q
q . 

μq: the mean of GMM. 
Σq: the covariance matrix of GMM. 
D: Dimension of the feature samples. 
 
It is GMM model has advantages that including simple structure, few modelling parameters 
and so on. The expectation maximization (EM) algorithm are usually applied to estimate the 
parameter of GMM model, which has step E and step M. Step E is used to make the expectation 
and step M is used to find the maximization. 
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2.2 Feature extraction of Lamb wave signals 
It is need to extract the feature parameters of Lamb wave response signals. Statistical feature 
parameters can clearly reflect the information of Lame wave responses during the process of 
extracting parameters. It is hard for single statistical characteristic parameter to describe the 
property of signals. Thus, multi-statistical feature parameters are extracted in order to reflect 
the characteristics of the signal in multi-angle. 
When the structure is damaged, the propagation of Lamb wave will occur scattering and 
reflection. Also, the corresponding statistical characteristic parameters will change 
accompanied by the type change of damage. These statistical feature parameters are the root 
mean square (RMS), Variance, Skewness, Kurtosis, peak-to-peak (PPK) and K-factor [11], and 
they are extracted from the Lamb wave response signals in time domain. 
RMS [12] reflects the total energy of the signal. The energy of received signal will change 
according to the degree of damage when the structure is damaged. Variance reflects the 
amplitude of the signal, and which will be affected by the severity of damage. Skewness 
describes the symmetry of the signal distribution. The signal transmission regulation will 
change with the reflection and refraction of Lamb wave travels to the damage zone. Kurtosis 
describes the distribution of signals that judge the signal is whether abrupt or flat. The value of 
kurtosis will decrease when the damages occurs in the structure. PPK is the difference between 
the maximum and minimum values in the signal. K-factor [13], reflects the product of the total 
energy of signals and maximum value of the signal. 
2.3 Principal component analysis dimension reduction method 
PCA method is a technique for analyzing and simplifying data sets and effective method to 
reduce the dimension of data, which is proposed by K. Pearson [14]. This method mainly uses 
the covariance matrix to decompose the characteristic to obtain the principal components of the 
data (i.e. eigenvectors) and their weights (i.e. eigenvalues). After dimension reduction, the new 
feature data set can be represented as 
 e p p mA A M      （2） 
  
The meaning of each parameter is as follows: 
e : the number of collected samples. 
p : the number of feature quantities. 
m : the dimension of reduction. 
Ae×p : the original characteristic data set. 
Mp×m : the characteristic vector corresponding to a cumulative contribution rate (as shown in 
Eq. (3)) of more than 85% (the eigenvalues are arranged in order from large to small). 
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Eq. (4) gives the formula of the correlation coefficient matrix R (which is symmetric matrix) 
for computing eigenvalues and eigenvectors. 
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In the above equation, δa and δb represent any columns of the characteristic sample set. 

3.  The classification method of GMM-processed Lamb wave-based 
damage detection 
The mechanisms by which Lamb waves propagate to different damage is not the same [15-16]. 
When Lamb waves propagate to damage which is not penetrated, such as corrosion, it will 
become diffraction or scattering, and some of the waves will cross over corrosion. On the 
contrary, when the Lamb wave propagates to penetrated damage, such as cracks, the Lamb 
wave propagates around the damage for the penetrating portion [17]. When the direction of the 
crack changes, its classification process will become more complex. According to the response 
mechanism of Lamb wave to different damage, the relevant Lamb wave response characteristic 
parameter can be extracted to evaluate the damage information. 
Therefore, it is very important to extract the damage feature of Lamb wave. In this paper, six 
statistical features such as RMS, Variance, Skewness, Kurtosis, PPK and K-factor are chosen 
to describe the relevant characteristics of damage. The explanations of the relevant 
characteristic parameters are described in the above. The extraction of these feature parameters 
is not only convenient, but also can describe the characteristics of signals significantly. 
Specific flow chart of damage classification process is shown in Fig. 1. The Lamb wave 
response signal is collected from the healthy or destructive structure, and the collected signal is 
used to evaluate the relevant information of damage. The statistical characteristic parameters 
of the signal are extracted to form the feature sample set. The PCA method is used to reduce 
dimension for feature set to reduce the complexity in the subsequent process. The mixed 
parameters of initial GMM model are obtained by training of feature data set of healthy 
structure. The GMM classifier is trained by training samples, which will be used to classify 
accurately as different damage. 
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Fig. 1. Flow chart of damage classification based on GMM. 
 

4.  Experimental Verification 
4.1 Experimental hardware setup 
To verify the effectiveness of the method proposed in the above, the Lamb wave detection 
system is used to detect epoxy resin composite plate. The hardware of system including NI 
USB-6366, KH 7500 broadband power amplifier (which was set at 20), relay board, charge 
amplifier (which is fixed at 70) and computer, as shown in Fig. 2. 
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Fig. 2. Experimental hardware devices. 
 
The epoxy composite plate, as experimental subject, whose size is 1000mm × 500mm × 3mm, 
as shown in Fig. 3. The 28 PZTs were arranged on the plate at a distance of 120mm. Because 
of the piezoelectric effect of the piezoelectric sheet, PZT can be applied as actuators and sensors. 
Also, Fig. 4 clearly shows two kinds of typical damage which is used to verify the effectiveness 
of GMM classification model: corrosion / abrasion and crack / notch. 
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Fig. 3. The arrangement of PZT and the position of damage. 
 

    

(a)                                     (b) 
 

Fig. 4. Typical damage picture: (a) corrosion / abrasion; (b) crack / notch. 
 
The multi-mode responses and dispersion phenomenon make the signal analysis becomes very 
complicated. The 5-cycle Hanning window modulated sinusoidal wave was selected as the 
excitation of Lamb wave, as shown in Fig. 5. In the experiment, the excitation signal frequency 
is 60KHz, and the sampling frequency is 1MHz. 
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Fig. 5. The excitation signal of Lamb wave. 
 
The Lamb wave response signal was acquired respectively when the structure is healthy or 
become damaged. Fig. 6 shows the changes in the statistical properties of typical healthy 
structure which was damaged by corrosion and crack. 
 

 
(a) 

 
(b) 

Fig. 6. Feature values: (a) RMS, Variance and Skewness values of typical damage (corrosion 
and crack); (b) Kurtosis, PPK and K-factor values of typical damage (corrosion and crack). 
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4.2  Dimension Reduction by PCA 
It is necessary for the statistical features set to normalized before reduce dimension. The 
cumulative contribution rate of more than 85% is chosen to determine the reduced dimension 
of feature [18-19]. Finally, the 6-dimension characteristic vector is reduced to 3-dimension, 
which reduces the redundancy and complexity of data. 
4.3  Application of GMM Model 
The signals collected when the structure appears damage are divided into training samples and 
test samples, each of which consists of 42 groups. At the same time, the samples of structural 
health status were used as benchmark. In order to make the training of parameters of the 
classification model more convenient, the Gaussian component s is set to 2. The test samples 
were entered into GMM classification model to calculate the likelihood function values, as 
shown in Fig. 7. 

 

 
(a) 

 
(b) 

Fig. 7. Test samples were entered into GMM classification model to calculate the likelihood 
function values: (a) corrosion test samples; (b) crack test samples. 
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As can be seen from the Fig. 7, the accuracy of the two injuries is high relatively. It also can be 
find that the accuracy of crack is slightly lower than corrosion. This is because of the energy of 
the reflected signal is weak when the Lamb wave detection signal is propagated to the crack. 
The variation of likelihood function value that the feature parameters of crack input in GMM 
is smaller, and the corresponding accuracy was influenced. 

5.  Summary 
The composite materials is easy to suffer from different damage, it is necessity for composite 
to classify the type of damage. In this experiment, Lamb wave response signals is used to extract 
feature samples and to construct feature sample sets. PCA can be reduce dimension of feature 
matrix, which will be helpful to reduce the computation time and improve the accuracy in 
classification process. The GMM model can effectively distinguish the different type of defect, 
and the state is given in the form of likelihood probability. It has a good practicability for the 
experimental results of method in structural health evaluation. 
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