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Abstract 

 
Signal processing and feature extracting are two of the most important issues for carbon 
fiber reinfored polymer (CFRP) when establishing a relationship between a specific 
damage mechanism and its acoustic signature. Non-stationary acoustic emission (AE) 
signals are still hard to be precisely characterized with simple and direct signal pro-
cessing. Proper feature extraction can assist signal processing methods to get more suit-
able characteristics for complex non-stationary AE signals which include various dam-
age modes. In this paper, a new energy-difference-based wavelet packet transform 
(WPT) feature extraction method is proposed to solve the deficiencies of the existing 
methods. For comparing the performance of the new feature proposed, WPT coeffi-
cients-based features and frequency-band-based features are also used for classification 
of four damage modes including delamination, debonding, fiber breakage, and void.  
Support vector machines (SVMs) are trained to analyze the effectiveness of these three 
features. Experimental results show that the energy-difference-based WPT feature over-
performs the other two WPT-based features with higher average classification accuracy 
of the four kinds of AE signal.  
 
1.  Introduction 
 
Increasing amounts of CFRP composite materials have been in in various engineering 
applications due to their excellent specific strength and specific stiffness properties in 
comparison to conventional materials. Hence, knowledge of the damage behavior and 
the transition of damage from a subcritical stage to a critical stage are of considerable 
interest in the case of composite materials. Composite structure failure often manifests 
as macro-damage generated by a few accumulative meso-damages along with time, 
which include delamination, matrix cracking, debonding, and fiber breakage. When a 
component is subjected to mechanical load, discontinuities in materials may release AE 
energy. AE energy travels through the material in the form of high-frequency elastic 
waves. According to [1], AE is one of the most effective methods to detect and identify 
various damage modes in CFRP. 
 
Currently, features of AE signals are mainly extracted from time-domain, frequency 
domain, and time-frequency domain. Most researchers have used time domain AE de-
scriptors, such as the amplitude and the energy of the signal, to characterize the devel-
opment of damage [2–7]. Each AE signal can be associated with a pattern which is 
composed of multiple relevant descriptors. The patterns can then be divided into clus-
ters representative of damage mechanisms according to their similarity by the use of 
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multivariable data analyses based on pattern recognition algorithms [8]. Since 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 employed to obtain clusters that can be related to distinct 
damage modes [9–12]. 
However, time domain features in AE signals are not totally relevant to signals’ charac-
teristics. Some studies performed in the frequency domain suggested that each damage 
mechanism is characterized by a different frequency range obtained by frequency do-
main analysis [13–15]. Ni et al. investigated the characteristics of AE signals, such as 
the attenuation and the frequency dependency, during the fracture process of a single 
fiber composite [16]. The authors showed that the frequencies of AE signals are almost 
unchanged while the amplitudes attenuate greatly with the increment of the propagation 
distance between the AE source and the AE sensors.  
 
Since AE signals in composite materials are not stationary, peak frequency analysis 
were introduced to distinguish various damage modes in CFRP [17-19]. From the ex-
perimental results of Continuous Wavelet Transform (CWT) and Hilbert Huang Trans-
form (HHT) [17-19], delamination is found relevant to the frequency content less than 
120 kHz. Frequency range in 100-150 kHz is correlated to matrix crack after investiga-
tions of waveform and frequency content with HHT and a burst spectrum analyzer [20-
22]. Meanwhile, 150 kHz-250 kHz AE signal is attributed to fiber/matrix debonding 
with HHT, k-means clustering and unsupervised clustering [20, 23-24]. According to 
most current research, fiber break is always characterized by higher frequency 350-500 
kHz [20, 23-24]. 
 
For WPT used for AE signal characterization is concerned, most researchers give AE 
signals three level decomposition, combining with fuzzy k-means or Artificial Neural 
Network (ANN) classification algorithm to classify various damage modes [25-27]. 
Yang et al. divided ultrasonic signals into 8 frequency bands. Each frequency band’s 
energy and three local energies in every frequency band were taken as a new feature to 
classify no flaw, top delamination, middle delamination, bottom delamination, void and 
debonding [25]. Mohammadi et al. proposed a correlation of AE with finite element 
predicted damages in open-hole tensile laminated composites [26]. Here damage mech-
anisms are quantified with WPT and finite element method (FEM). Fotouhi et al. used 
energy distribution criterion and integrated genetic algorithm (GA) and k-means algo-
rithm to indicate the relationship between three frequency ranges and three fracture 
mechanisms [27].  
 
The main contribution of this paper is to propose a new feature which is extracted from 
energy difference between specific frequency band to show the advantages of the new 
method in comparison to the aforementioned three state-of-the-art WPT-based feature 
extraction methods through classification experiments for AE signals. The rest of this 
paper is organized as follows. Section 2 describes the methodologies of WPT-based 
feature extraction, including the proposed energy-difference-based WPT feature extrac-
tion method. Section 3 presents the experimental setup, and section 4 analyzes the ex-
perimental results. Section 5 finalizes the paper with summary and conclusions.  
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2.  Feature extraction based on WPT 
 
Since Discrete Wavelet Transform (DWT) is not suitable for analyzing the signal con-
taining middle- and high- frequency band, WPT has been proposed to overcome this 
problem. In this study, WPT is employed to split each signal into high-frequency and 
low-frequency components. For example, a WPT decomposition tree with three level 
for signal v(t) is shown in Figure 1.  
 

 
 
 
 
 
 

 
Fig. 1 Wavelet Packet Transform tree with three level of decomposition 

 
The WPT coefficients are uniformly indicated with dj,i(k), where j is the scale level and i 
is their position in the decomposition tree at that level. The corresponding signal energy 
can be calculated as  
                                                             2
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For AE signals of different damage modes, the energy distributions at given scales are 
always varied. Therefore, Ej,i can be considered as an important feature for classifica-
tion. In this work, five parameters deriving from WPT are adopted as a new energy-
difference-based feature, as shown in Table 1. First four parameters a1, a2, a3, and a4 
represent the energy proportions of delamination, matrix crack, debonding, and fiber 
breakage, respectively. The last parameter a5 represents the energy difference between 
delamination and fiber breakage.  
 

Table 1 Extracted energy-difference-based WPT feature 

Parameters Note 

1 2 3

6 6 6

1

Total

E E E
a

E

+ +
=  

Energy proportion of delamination 
(0-93.75 kHz) 

4 5

6 6

2

Total

E E
a

E

+
=  

Energy proportion of debonding 
(93.75-156 kHz)  

6 7 8

6 6 6

3

Total

E E E
a

E

+ +
=  

Energy proportion of fiber breakage 
(156-250 kHz)  

v(t) 

d1,0 d1,1 

d2.0 d2.1 d2.2 d2.3 

d3.0 d3.1 d3.2 d3.3 d3.4 d3.5 d3.6 d3.7 

Level 1 

Level 2 

Level 3 
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13 14 15 16

6 6 6 6

4

Total

E E E E
a

E

+ + +
=  

Energy proportion of frequency band 
signal (375-500 kHz) 

1 2 3 13 14 15 16

6 6 6 6 6 6 6

5

Total

E E E E E E E
a

E

+ + − − − −
=  

Energy difference between delami-
nation (0-93.75 kHz) to fiber break-
age (375-500 kHz ) 

 
3.  Experimental setup 
 
In this work, piezoelectric acceleration sensors mounted on CFRP surface are employed 
to get AE signal. Low velocity impact tests are simulated using static indentation-
flexure tests. Specimens with dimensions of 425 mm*425 mm*1.8 mm are mounted on 
a fixture and subjected to static impact load in transverse direction using hemispherical 
tup. Load is applied manually until fracture of the specimen. The experimental setup is 
the same as previous research of our group [19], as shown in Fig. 2. 
 

 
Fig. 2 The experimental setup 

 
The sample rate is 4M. To obtain example data for SVM training, 60 samples of each 
class are selected from multiple experiments and accordingly WPT coefficients are 
computed. The dataset was randomly split into 40 samples for training and 20 samples 
for testing of the classifier, respectively. To investigate the effectiveness of energy-
difference-based WPT feature, namly WPT_Diff, other two kinds of features extracted 
by different strategies are additionally applied for classification. All three features used 
in this paper are listed as follows. 
(1) WPT_Dis features 
Transform the original time domain signal to WPT coefficients with 6 level decomposi-
tion by using Daubechies 10. Only energy distribution on 4 specific frequency band in 
table 1, namely 

1
a , 

2
a , 

3
a , 

4
a  are taken as features.  

(2) WPT_Coe features 
Transform the original time domain signal to WPT coefficients with 6 level decomposi-
tion by using Daubechies 10. Energy distribution on the first 16 frequency band, from 
d(6,0) to d(6,15), are used as features, because they covered the maximum frequency 500 
kHz of the three damage modes. 
(3) WPT_Diff features 
Transform the original time domain signal to WPT coefficients with 6 level decomposi-
tion by using Daubechies 10. Energy distribution in 4 specific frequency bands and en-
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ergy difference from 0-93.75 kHz to 375-500 kHz, namely a1, a2, a3, a4 and a5  are all 
taken as features.  
 

4.  Results and analysis 

 
The average classification accuracy in percentage of LibSVM [28] by using different 
feature extraction methods, here is WPT_Dis features, WPT_Coe features, and 
WPT_Diff features are 80%, 81.25%, 83.75%, respectively. For further analysis, the 
confusion matrices are shown in Table 2, 3, 4. Generally, WPT_Diff outperforms 
WPT_Dis and WPT_Coe, since the better accuracy on debonding and fiber break. The 
classification accuracy by using WPT_Coe for delamination classification is 95%. Note 
delamination can be distinguished well using WPT coefficients under 6 level decompo-
sition. Furthermore, WPT_Diff has one more parameter about energy difference than 
WPT_Dis. The classification accuracy of delamination is increased by 5% and the clas-
sification accuracy of debonding is increased by 10%.  
 

Table 2 Confusion matrix of classification applying WPT_Dis features 

 Delamination Debonding Fiber break-
age 

Void Classification 
accuracy (%) 

Delamination 16 0 4 0 80% 
Debonding 5 12 3 0 60% 
Fiber break 3 1 16 0 80% 
Void 0 0 0 20 100% 
 

Table 3 Confusion matrix of classification applying WPT_Coe features 

 Delamination Debonding Fiber break-
age 

Void Classification 
accuracy (%) 

Delamination 19 0 1 0 95% 
Debonding 5 11 4 0 55% 
Fiber breakage 4 1 15 0 75% 
Void 0 0 0 20 100% 

 
Table 4 Confusion matrix of classification applying WPT_Diff features 

 Delamination Debonding Fiber break-
age 

Void Classification 
accuracy (%) 

Delamination 16 0 4 0 85% 
Debonding 3 14 3 0 70% 
Fiber breakage 2 1 17 0 80% 
Void 0 0 0 20 100% 

 
The experimental results demonstrate that WPT coefficients under 6 level WPT decom-
position can distinguish delaminate from debonding, fiber breakage and void best com-
paring with other two features, as shown in Table 3. Energy value of every 31.25 kHz 
frequency band is taken into account to distinguish various damage modes. It concludes 
that 6 level decomposition with a resolution of 31.25 frequency band is very suitable for 
characterizing delamination. Meanwhile, energy difference between 0-93.75 kHz to 
375-500 kHz can improve the classification accuracy with delamination and debonding, 
as shown in Table 2 and Table 4. Energy difference between low frequency band and 
high frequency band can be used for decreasing the confusion of delamination and 
debonding effectively, while fiber breakage recognition will not be effected. From Ta-
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ble 2 and Table 4, the classification accuracy of fiber breakage does not change while 
the classification accuracy of delamination and debonding are improved. 
 

5.  Summary and conclusions 

 
In this paper a CFRP damage detection system and a new energy-difference-based WPT 
feature for damage modes diagnosis is presented. Piezoelectric acceleration sensors 
were used to acquire the signal of defective CFRP specimens with delamination, 
debonding, fiber breakage, and void respectively. Acquired AE signals were processed 
by three feature extraction methods including the proposed energy-difference-based 
WPT feature, which is based on energy difference between low frequency band corre-
sponding to delamination and high frequency band corresponding to fiber breakage. The 
features were taken as inputs to train LIBSVM for classification. Experimental results 
validated that the proposed energy-difference-based WPT feature can effectively distin-
guish delamination, debonding, fiber breakage, and void comparing with energy distri-
bution of specific frequency band-based feature and WPT coefficients feature.  
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