
 

437 

Research Article 

International Journal of Current Engineering and Technology    
ISSN 2277 - 4106  

 © 2012 INPRESSCO. All Rights Reserved. 

Available at http://inpressco.com/category/ijcet  

Composite Materials Damage Characterization under Buckling Test Using Fuzzy 

C-Means Clustering 

Saeid Abazary
a*

, Bahman Abazary
b
, Mohammad Amin Khalafi

c
, Reza Aghaie

d
, Morteza Shateri

e
 

 
a
Department of  Mechanical Engineering, Science and Research Branch, Islamic Azad University, Kermanshah, Iran.

 

b
Department of  Mechatronics Engineering, Islamic Azad university, South Tehran, Iran.   

c
Department of Mechanical Engineering, Science and Research Branch, Islamic Azad University, Arak, Iran. 

d
Department of Mechanical Engineering, Islamic Azad University, Miyaneh, Iran. 

e
Department of Computer Science Software Engineering, Islamic Azad University, Miyaneh, Iran  

 

Accepted  8 Dec. 2012, Available online 28Dec. 2012, Vol.2, No.4(Dec. 2012) 

 

 

Abstract 

  
In this study, acoustic emission (AE) monitoring with a Fuzzy C-Means (FCM) clustering is developed to detect the 
delamination process buckling test on glass/plolyester composite materials. The main fracture mode that should be 
emphasized and has an effect on the residual strength of composite materials is delamination. In this work, two types of 
specimen at different layups, [0,90]6s and unidirectional [0]6s, leading to different levels of damage evolution, were 

studied. Using acoustic emission monitoring can help to detect these fracture mechanisms. The obtained AE signals were 
classified using FCM. Two parameters (Peak Frequency and ABS Energy) were used to validate th e FCM based 
classification. The results show that there is a good agreement with the FCM classification and microscopic observation 
by SEM. 
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1. Introduction 

 
1
The increased reliability and safety standards of 

engineering structures require the detection of the 

initiation and growth of failures. Composite materials are 
extensively used in industry,  and while their mechanical 
behavior is mostly well known, their damage and time-to-
failure mechanisms still require a better understanding. 
The main fracture mode that should be emphasized and 
that affect residual strength of composite materials is 

delamination. 
    This is due to the fact that the delamination initiation 
energy is low compared to that of the shearing mode [M, 
Ando T, Tanaka M, Adachi T, Ochiai S, Endo Y, 2006]. 
Several studies were already conducted on mode I fracture 
to determine crack and different failure modes during 

propagation [Benmedakhene S, Kenane M, Benzeggagh 
M.,D, 1999; Pereiraa A.,B, de Morais A.,B, 2004]. A 
promising technique in addressing this challenge is 
acoustic emission (AE), which is the transient energy 
spontaneously released by incremental crack growth. 
Compared to other non-destructive testing (NDT) 

techniques, AE has the advantage of real-time, continuous 
monitoring of in-service structures  [Abazary, S. and A. R. 
Oskouei, 2012; Loutas TH, Kostopoulos V, 2009; Abazary 
S, Asa A and Daneshmehr A, 2012; Oskouei AR, 
Zucchelli A, Ahmadi M, Minak G, 2011]. The main 
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objective for such a system is to indicate the occurrence of 
micro cracking events, but the possibility of identifying 
the type of damage is also of importance for the optimal 
use of a component. Most studies thus far have used 

conventional AE parameters, such as counts, amplitude, 
and energy, to discriminate between different AE events 
and their relationship to the development of failure 
mechanisms [Siron O, Chollon G, Tsuda H, Yamauchi H, 
Maeda K, Kosaka K, 2001; Barre S, Benzeggagh M.,L, 
1994; Daneshmehr A, Asa A and Abazary S, 2012]. Also, 

each signal can be associated with a pattern composed of 
multiple relevant descriptors. 
    The simultaneous study of various AE features makes it 
possible to obtain more reliable information for 
identification of AE source mechanisms, especially when 
associated with pattern recognition algorithms [Ramirez-

Jimenez CR, Papadakis N, Reynolds N, Gan T, Purnell P, 
Pharaoh M, 2004; Bar HN, Bhat MR, Murthy CRL, 2004; 
Godin N, Huguet S, Gaertner R, Salmon L, 2004 ]. As it is 
not possible to know the exact origin of an emitted event, 
and then to provide a training set of patterns belonging to 
several composite damage mechanisms, unsupervised 

pattern recognition is sometimes used, with the problem of 
labeling of the clusters [Moevus M, Godin N, R’Mili M, 
Rouby D, Reynaud P, Fantozzi G, et al, 2008]. Various 
efforts have been found in the literature to improve multi-
variable classification of AE data and their accuracy. In 
this way, Pappas et al. [Pappas YZ, Markopoulos YP, 
Kostopoulos V, 1998] has developed an algorithm for AE 



Saeid Abazary et al                                                                        International Journal of Current Engineering and Technology, Vol.2, No.4 (Dec. 2012) 
   

438 
 

data analysis, which was proposed to increase the 
reliability and accuracy of the pattern recognition 
approach. 
    The results of the clustering procedure were correlated 

in many ways to the active (in the AE sense) failure 
mechanisms. Similar work has been conducted by 
Philippidis et al. [Philippidis TP, Nikolaidis VN, 
Anastassopoulos AA, 1998] of 2D woven C/C laminates 
using Artificial Neural System (ANS) methods, which are 
employed for the clustering of similar AE signals, 

enabling a phenomenological correlation with the actual 
failure modes. 
    Fractographic evidence from failed tensile coupons 
corroborates the predictions of the numerical method in 
recognizing different failure mechanisms. Huguet et al. 
[Huguet S, Godin N, Gaertner R, Salmon L, Villard D, 

2002] studied a Kohonen neural network approach for 
clustering AE events. The Kohonen-map was used as a 
statistical tool to separate numerically the associated 
signals via six parameters calculated from the waveforms. 
They obtain interesting results on unidirectional fiber–
matrix and cross-ply composite AE data during tensile 

tests. Chandrashekhar et al. [Chandrashekhar B, Bhat MR, 
Murthy CRL, 2003] have investigated AE signals 
generated by fatigue spectrum load tests on CFRP 
specimens. The combination of supervised and 
unsupervised methods eliminated noise, and AE signals 
were classified using a neural network technique. Johnson 

[Johnson M, 2002] applied the PCA as an unsupervised 
clustering method for the AE data generated during tensile 
tests on glass fiber/epoxy laminates. The clustering 
analysis showed that AE signature from matrix cracking 
and local delaminations were separated in different 
clusters. Godin et al. [Godin N, Huguet S, Gaertner R, 

2005] proposed a procedure that was a combination of the 
Self-Organizing Map (SOM) and the k-means methods to 
classify recorded AE signals collected during tensile tests 
on cross-ply glass/epoxy composites. An unsupervised 
clustering analysis showed that AE signals are distributed 
into three clusters. Damage initiation and progression of 

each failure mechanism were clarified by the cumulative 
plot of the events of each class versus time.  
    De Oliveira and Marques [de Oliveira R, Marques AT, 
2008] used unsupervised pattern recognition algorithms 
based on an artificial neural network to classify the AE 
data and then visualize time-scale diagrams of typical AE 

signal belonging to the obtained clusters. Thus, they 
identify six different AE waveforms acquired during 
tensile tests of cross-ply glass fiber/polyester laminates. 
There are some other methods in the field of clustering, 
such as the fuzzy c-means (FCM) clustering method and 
Ant Colony Optimization (ACO), for analyzing AE data to 

classify them in different clusters. In this case, Omkar et 
al. [Omkar SN, Suresh S, Raghavendra T.,R, Mani V, 
2002]  and Omkar and Karanth [Omkar S.N, Karanth R, 
2008] studied these methods and found that they can be 
used to classify acoustic emission (AE) signals by their 
respective sources. Both recent techniques have an 

advantage over conventional statistical techniques such as 
maximum likelihood estimate and nearest neighbor 

classifier because they are distribution free, i.e., no 
knowledge about the distribution of data is required. As 
with ANN, the FCM can also be used for the signals that 
have a high degree of overlapping in their features. 

In any case, the experimental evidence of assigning any 
kind of damage mechanism to a peculiar signal cluster is 
rather difficult when many damage mechanisms take place 
in the same composite material. 
    However, the previously referenced authors do not 
provide such evidence after they classified the AE signals. 

Therefore, our purpose is to use a methodology with the 
aim of identifying the acoustic signatures of the damage 
mechanisms. Based on the our previous work [Abazary, S. 
and A. R. Oskouei, 2012], for that purpose, tensile stresses 
have been applied on samples of pure resin, fiber and of 
composite under different conditions that were expected to 

produce preferential damage mechanisms, such as matrix 
cracking, fiber breakage and debonding. AE was first 
studied via the parameters and waveforms of the signals. 
The frequency range of the AE signals related to each 
damage mechanism is obtained. This frequency range will 
be used to find out which damage mechanism corresponds 

to each cluster. 
    In the present study, unsupervised pattern recognition 
techniques,  i.e., FCM, are used for the analysis of AE 
data. 
    The aim of the work is to enhance analysis efficiency in 
discriminating various AE sources and establish an 

automated procedure of AE signal classification to 
evaluate AE activity from future tests using similar 
devices. 
 
2. Clustering Methodology 

 

2.1 Fuzzy C-means 
 
Fuzzy c-means (FCM) is a data clustering technique 
wherein each data point belongs to a cluster to some 
degree that is specified by a membership grade. This 
technique was originally introduced by Jim Bezdek in 

1981 [Bezdek JC, 1981] as an improvement on earlier 
clustering methods. It provides a method that shows how 
to group data points that populate some multidimensional 
space into a specific number of different clusters. 
Consider a n set sample data to classify in c classes, X 
={x1, x2, . . . , xn}. Each data sample xi, defined by m 

features, i.e., xi ={ x
1

i; x
2

i; . . . ; x
n

i}, where xi in the set X 
(X is a m – dimensional space). Because the m features all 
can have different units in general, we have to normalize 
each of the features to a unified scale before classification 
[Omkar S.,N, Suresh S, Raghavendra T.,R, Mani V, 2003]. 
An objective function approach is utilized for clustering n 

data points to c clusters. In this approach, each cluster is 
considered as one hyper-spherical shape with a 
hypothetical geometric cluster center. The main aim of the 
objective function is to minimize the Euclidian distance 
between each data point in the cluster d and its cluster 
center, and maximize the Euclidian distance between other 

cluster centers. 
We define a family of fuzzy sets {Ai, i = (1, 2, . . . , c)} as 
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a fuzzy c– partition on a dataset X in the FCM method. 
Because fuzzy sets allow for degree of membership, we 
can extend the crisp classification idea to fuzzy 
classification notion. We can assign membership to the 

various data sets in each fuzzy set  (fuzzy class, fuzzy 
cluster). Here, a single point xk can have partial 
membership value, i.e., kth data point in ith class, 
represented 
       (  )   ,   -        (1) 

with the restriction that the sum of all membership values 
for a single point in all the classes has to be unity: 
∑                        

          (2) 

There can be no class that contains an empty set and there 
can be no class that contains all the data points. This is 
represented as below: 
  ∑       

              (3) 

In case of fuzzy classification, each data point can have 

partial membership in more than one class: 
                        (4) 
Now we can define a family of fuzzy partition matrixes 
Mfc, for the classification involving C classes and n data 

points. 
    * |     ,   -+                                  
`          (5) 
Any   µ  ε Mfc, is a fuzzy C-partition, and it follows from 

the overlapping character of the classes and the infinite 
number of membership values possible for describing the 
class membership. The objective function used for fuzzy C 
– clustering is 

 (   )  ∑ ∑ (   )
   

   
 
   (   )

          (6) 

where dik, the distance between the point Xk and the center 
Vi, is 

     (     )  [∑ (       )
  

   ]

 

 
        (7) 

and where  µ ik is the membership of the kth data point in 

ith class and α is the weighting parameter (α  [1, ∞]). 

The weighting parameter α controls the amount of 
fuzziness in the classification process; Vi is the cluster 
center of the ith class: 
 

    
∑ (   )

     
 
   

∑ (   )
  

   

                      (8) 

The objective of the clustering is to minimize the objective 
function, jwith respect to the partition matrix and cluster 
center. 
The FCM algorithm runs with the following steps: 

1. Fix c (2 < c < n) and select a value for α and also for , 

2. Initialize the partition matrix U(0) and set r = 0. 
3. Calculate the centers Vri 

4. Update the partition matrix 

   
(   )  [∑ (

   
( )

   
( ))

 

   
 
   ]

  

          (9) 

 

Steps (2)–(4) are iterated until the improvement over the 

previous iteration is below a threshold , with r 

representing the number of iteration steps: 

‖       ‖            (10) 

 
3. Experimental Procedure 

 
3.1 Material and  Specimens Preparation  
 
The tested glass/polyester composite specimens include 

four lay-up patterns: [0/90]6s and [0]6s . The woven fabric 
and unidirectional fibers material are as follows: density of 
195 g/m

2
, tensile strength warp: 386 n/cm weft: 486 n/cm, 

thickness 0.28 mm and weave is plain. The properties of 
the polyester resin as a matrix material is density of 1020-
1040 kg/m

3
. The laminates were prepared by hand lay-up. 

To prevent slip during loading, end tabs in 20 mm x 30 
mm length were glued at the same ends of specimens. 
The composites specimens are shown in Figure 2, Also 
dimension and lay-up of 2 specimens are listed in Table 1, 
each specimen includes 12 layers, and the thickness of 
each layer is about 0.416 mm.  

 
Table 1: Sizes and lay-up patterns for 2 specimens. 
 

Number   lay-up patterns 

1   [0/90]6s 

2   [0]6s 

 

 
Fig. 2 Tested composite specimen. 

 
3.2 AE Equipment 
 
Acoustic emission software AE Win and a data acquisition 
system (PAC) PCI-2 with a maximum sampling rate of 40 
MHz were used to record AE events. A broadband, 

resonant type, single-crystal piezoelectric transducer from 
physical Acoustic Corporation (PAC), called PICO, was 
used as the AE sensor. The sensor had a resonance 
frequency of 513.28 kHz and an optimum operating range 
of 100-750 kHz. The surface of the sensor was covered 
with grease to provide good acoustic coupling between the 

specimen and the sensor. The signal was detected by the 
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sensor and enhanced by a 2/4/6-AST pre-amplifier. The 
gain selector of the preamplifier was set to 40 dB. 
    The test sampling rate was 1 MHz with 16 bits of 
resolution between 10 and 100 dB. Prior to the damage 

check, the data acquisition system was calibrated for each 
kind of specimen, according to a pencil lead break 
procedure. A repeatable acoustic wave then generated a 
lead breakage in the specimen on its surface. At the same 
time, the velocity and attenuation of the AE waves 
measured. The lead breakage operation was repeated 

several times and the sensors. After the calibration step, 
AE signals were captured during mechanical testing. 
Signal descriptors, such as amplitude, duration, rise time, 
counts, and energy, were calculated by the AE software 
(AE Win) . 
 

3.3 Testing Machine  
 
A properly calibrated test machine was used. All the 
specimens are loaded in 5 mm/min.  Figure 3, shows the 
composite specimen positioned for acoustic emission test. 
 

 
 
Fig. 3 Composite specimen positioned for acoustic 
emission test. 

 
the data acquisition system was calibrated for each kind of 
specimen, according to a pencil lead break procedure. A 
repeatable acoustic wave then generated a lead breakage in 
the specimen on its surface. At the same time, the velocity 
and attenuation of the AE waves were measured. The lead 

breakage operation was repeated several times and at 
different locations between the sensors. After the 
calibration step, AE signals were captured during 
mechanical testing. Signal descriptors, such as amplitude, 

duration, rise time,  counts, and energy, were calculated by 
the AE software (AEWin). 
 

 
Fig. 4 fuzzy c-means clustering: (a) [0,90]6s 

 

 
 
Fig. 4 fuzzy c-means clustering: (b) [0]6s. 
 
Results and Discussion  

 

The materials and mechanical tests monitored with AE 
have been described in Ref. [Abazary, S. and A. R. 
Oskouei, 2012]. According to those previous studies 
[Abazary, S. and A. R. Oskouei, 2012], the damage 
mechanisms that are considered according to the collected 
AE signals are matrix cracking, fiber–matrix debonding 

and fiber failure. It is generally acknowledged that the 
three damage mechanisms occur within the composite 
with different midplanes; the classification to make is 
considered a three-class problem. 
    The multivariable analysis is applied to discriminate 
between the damage mechanisms according to their AE 

patterns. The six descriptors used are the energy, the 
amplitude, the rise time, the counts, the peak frequency 
and the duration of the signals. The feature values were 
then normalized in the range [-2, 2] to obtain comparable 
scales between all the descriptors. Thus, the FCM is 
applied with three clusters. Furthermore, the separation 

between the three classes provided by the FCM is 
consistent with the localization of the patterns according to 
the comparison made after clustering. 
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    In addition, we can compare the peak frequency 
distribution of the patterns belonging to each cluster with 
results reported in Refs. [Daneshmehr A, Asa A, and 
Abazary S, 2012] to match the damage mechanisms with 

the clusters Fig. 4 shows the frequency distribution of each 
cluster obtained for all specimens. The frequency range for 
each cluster is obtained, and it confirms that the proposed 
method is useful for data clustering and damage 
mechanism detection. AE monitoring of pure matrix 
cracking under loading shows that the dominant frequency 

range of signals is at a lower level (100–250 kHz) than the 
dominant frequency range of fiber bundle breakage (400–
500 kHz). Thus, the frequency range 250– 350 kHz is 
considered for the debonding process between fiber and 
matrix interfaces. 
    Thus, the polyester-matrix cracking creates lower wide-

band frequencies than the glass-fiber/matrix interface 
debonding. 
    After classification by FCM analysis, we determined a 
relationship between AE events and damage mechanisms 
(e.g., matrix cracking, fiber breakage and debonding 
matrix–fiber interface). 

Fig. 5,6 shows AE events of damage mechanisms for two 
specimens with different interface layups. 
 

 
Fig. 5, AE signal peak frequency-amplitude distribution. 
 

 
Fig. 6, AE signal peak frequency-amplitude distribution. 

SEM Observation 
 

As shown in “Fig. 7” and “Fig. 8” fiber breakage and 

delamination are dominant failure mechanisms in 
specimen [0,90]6s, whereas the dominant failure 
mechanisms in [0]6s are fiber breakage, delamination and 
matrix cracking. 

 

 
 
Fig. 7 SEM observation of dominant failure mechanisms 
for specimen [0,90]6s. 
 

 
 

Fig. 8, SEM observation of dominant failure mechanisms 
for specimen [0]6S. 
 
Conclusions 

 

In this study, after considering the buckling  test by AE 

technique, it is desirable to determine the relationship 
between AE results and damage mechanisms. Fuzzy c-
mean clustering technique was used for the offline 
processing of the AE waveforms obtained during the test. 
SEM observations show that the dominant failure modes 
such as fiber breakage, debonding and matrix cracking 

were the sources of AE signals.  The multivariable 
analysis is applied to discriminate the damage mechanisms 
according to their AE patterns.  
    The signals are clustered in three different classes 
(damage mechanisms: matrix cracking, fiber–matrix 
debonding and fiber failure) by FCM. The frequency range 
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for each cluster is determined,  and confirms that the 
proposed method is useful for data clustering and damage 
mechanism detection. For matrix cracking,  the dominant 
frequency range of signals is at a lower level (100–250 

kHz) than the dominant frequency range of fiber bundle 
breakage  (400–500 kHz). Thus, the frequency range 250–
350 kHz is considered for the debonding between fiber 
and matrix interfaces. 
    The results presented show that different failure 
mechanisms have different characteristics which can be 

studied utilizing the AE parametric data. 
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