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Abstract: Eddy current pulsed thermography(ECPT) is an emerging Non-destructive testing and evaluation(NDT & E) technique, 

which uses hybrid eddy current and thermography NDT & E techniques that enhances the detectability from their compensation. 

Currently, this technique is limited by the manual selection of proper contrast frames and the issue of improving the efficiency of defect 

detection of complex structure samples remains a challenge. In order to select a specific frame from transient thermal image sequences 

to maximize the contrast of thermal variation and defect pattern from complex structure samples, an energy driven approach to compute 

the coefficient energy of wavelet transform is proposed which has the potential of automatically selecting both optimal transient frame 

and spatial scale for defect detection using ECPT. According to analysis of the variation of different frequency component and the 

comparison study of the detection performance of different scale and wavelets, the frame at the end of heating phase is automatically 

selected as an optimal transient frame for defect detection. In addition, the detection capabilities of the complex structure samples can be 

enhanced through proper spatial scale and wavelet selection. The proposed method has successfully been applied to low speed impact 

damage detection of carbon fibre reinforced polymer(CFRP) composite as well as providing the guidance to improve the detectability of 

ECPT technique. 

 
Keywords: non-destructive testing and evaluation, composite impact damage detection, wavelet transform, energy driven approach, 

transient-spatial analysis 
 
 

 

1  Introduction∗ 
 

Carbon fibre reinforced polymer(CFRP) composite is 
widely used in many areas such as aircraft and wind turbine 
blades because of its low weight and high strength. 
Therefore, the safety guarantee of using this composite is 
extreme important for research field in Non-destructive 
Detection and Evaluation(NDT & E)[1–2]. Impact damage is 
one of the most common types of composite related defect, 
which often results in the operational failure of system. In 
recent years, many NDT & E techniques are developed 
such as ultrasonic testing[3–4], eddy current[5–6], acoustic 
emission[7], thermography[8–9], microwave[10], X-ray[11] and 
computer tomography(CT)[12] for CFRP composites defect 
detection. 

Eddy current pulsed thermography(ECPT) is an 
emerging NDT & E technique, which combine eddy 
current and thermography NDT & E techniques that 
enhance the detectability from their compensation[13–15]. 
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ECPT applies high current electromagnetic pulse to the 
conductive material under inspection which the heat is not 
limited to the sample surface, rather it can reach a certain 
depth, which governed by the skin depth of eddy current. 
This is different from other thermography based NDT 
techniques such as flash and laser thermographies that 
mainly introduce heat at the surface. In addition, ECPT has 
the ability of adaptability in terms of defect orientation and 
can enhance specific excitation direction to optimize the 
directional evaluation along the defect orientation, which is 
more effective for geometrically complex components and 
illustrated more crack indication. Furthermore, ECPT 
allows area imaging of defects without scanning and enable 
users to detect both magnetic and non-magnetic metals. 
ECPT has been applied into many studies including the 
potential for small defect detection of complex geometry 
estimating the fatigue cracks in steel[16] as well as an 
investigation of temperature distribution around cracks with 
different penetration depths in metallic materials[17]. 
Another study has examined in detection of multiple cracks 
from rolling contact fatigue in rail tracks with a single 
measurement[18]. Quantitative NDE(QNDE) at a pixel level 
has been reported in previous PEC work and can help 
derive multiple properties of materials[19]. Once the 
thermography video has been obtained, various signal 
processing techniques can be used to extract features to 
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qualify and quantify the defects detection[20]. To enhance 
the flaw contrast and improve noise rejection qualities, 
pattern based image sequences processing has been 
conducted by introducing the raw data upon a set of 
orthogonal basis functions. Principal component analysis 
(PCA) and independent component analysis(ICA)[21–24] 
based pattern extraction algorithms are used to improve the 
flaw detectability of thermography by considering the 
initial sequences as either a set of images or a set of 
temporal profiles.  

Compare to defects in metal, those in composite 
materials were rarely investigated. REN, et al[25], proposed 
optical flow based methods to track both temperature 
spatial and transient diffusion and use divergence to 
quantify the degree of impact damage of CFRP. HE, et 
al[26], used Fourier transform based frequency pattern 
extraction methods and project thermal signal phase map to 
enhance the flaw-contrast and reduce the emissivity. 
Manually pixel selection and signal normalized based 
processing method[27] to analysis of notches in CFRP 
material is evaluated and used to quantify depth 
information of defects. BUI, et al[28], dedicated to an 
accurate model of the stratified CFRP composite material 
and an original NDT technique for detection and 
characterization of the delamination and fiber rupture. 
GUO, et al[29], carried out image reconstruction methods 
based on logarithm polynomial regression to reconstruct 
and enhance pulsed thermography(PT) image sequences of 
CFRP laminates. 

All the above defect detection methods of composite are 
limited by the manual selection of proper contrast frames or 
investigated area. In addition, they work well only if the 
damaged sample caused by larger impact energy. However, 
the identification and location of low energy impact 
damage is still a challenge task for composite defect 
detection when using ECPT. The information of impact 
damage is significantly influenced and difficult to be 
identified because of the complexity construction of 
composite material such as non-homogeneous and 
inter-crossed fibre structure. In ECPT, the transient 
temperature response is a time dependent signal, including 
heating phase and cooling phase. Different time interval 
contains different physical effects. Besides the manual 
selection, it is critical to develop an automatic method 
which enables us to select a proper time interval for 
enhancing the defect detectability. Therefore, automatic 
transient selection and the optimized defect identification 
methods are required. Wavelet transform have been found 
to be effective in time, frequency and spatial analysis and 
its function as a mathematical microscope of signal analysis 
for many image processing based applications[30–32] such as 
image compression, de-noising, and etc. In this paper, we 
have proposed wavelet coefficient energy driven based 
automatic transient-spatial selective method to strengthen 
the micro impact damage detection and optimize the 
selection of transient interval. The foundation for the 

proposed method is specified. Experimental tests on low 
energy impact CFRP samples have been conducted to show 
the validation of the pattern extraction. The rest of the 
paper is organized as follows. Section 2 introduces the 
proposed spatial-transient optimization methodology of 
ECPT. The experimental system and analysis are illustrated 
in section 3. The conclusion and future work are presented 
in section 4. 

 
2  Methodology 

 

There are several different time frequency analysis 
methods[33] such as short time Fourier transform(STFT) and 
wavelet transform(WT). The STFT decomposes a time 
signal into a time-frequency(TF) domain, and variations of 
the frequency within the window function are revealed. 
STFT has an equal-spaced bandwidth across all frequency 
channels. Wavelet transform is a tool that converts a signal 
into a non-uniform TF resolution, which is more suitable 
for analyzing non-stationary and non-periodic signal. 
Wavelet is a small wave that has an oscillating wavelike 
characteristic and has its energy concentration in time. In 
contrast to STFT, the wavelet transform enables variable 
window sizes in analyzing different frequency components 
within a signal. By comparing the signal with a set of 
functions obtained from the scaling and shift of a base 
wavelet. Wavelet analysis is a subject which has 
significance in both theory and application. Both 
continuous wavelet transform(CWT) and discrete wavelet 
transform(DWT) have been found to be effective 
approaches in many applications, especially in the case of 
two-dimensional signal. In addition to microscopic 
capability, wavelet analysis also has the ability of 
polarization. As thermal image signal is highly 
non-stationary and non-periodic, the time-frequency 
analysis of using wavelet transform of ECPT image 
sequences is studied. In mathematics, the definition of 
continuous wavelet transform as in Eq. (1): 

 

1
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æ ö- ÷ç ÷ç ÷çè øòX           (1)  

 
where τ shifts time, i modulates the width, and ( )ψ t  is 
mother wavelet. CWT has the superposition property and 
has its unique advantages in signal processing such as 
pattern recognition, feature extraction and detection. There 
are several commonly used wavelets for performing the 
CWT such as mexical hat, molert, Frequency B-Spline 
Wavelet, Shannon Wavelet, Gaussian Wavelet, Harmonic 
Wavelet, and etc. DWT is another form of WT which 
involves the use of the dyadic scheme. This satisfied by the 
utilisation of discrete value of the scaling and translation, 
i=2β, τ=e2β, e, β∈Z, where Z denotes the set of integers. 
Different decomposition levels corresponding to different 
scales(wavelet width) and time shift in DWT. DWT has 
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been widely used in image processing such as image 
filtering, compressing, and etc. Because DWT can achieve 
orthogonal decomposition of the signal and enable to divide 
signal into nonoverlapping subfrequency bands effectively, 
that means it is more of interest in the context of fast, 
nonredundant transforms and has less computation 
complexity. DWT also provides a compact representation 
of a signal’s frequency components with strong spatial 
support and enable to decompose a signal into frequency 
subbands at different scales from which it can be perfectly 
reconstructed. Thus, in this study, DWT is utilized to 
analysis the thermal image sequences. When applying 
DWT to ECPT image, wavelet coefficient at each level are 
obtained. The more similar these wavelets are to the signal 
components, the larger the wavelet coefficients. In each 
scale level, the detail information of signal distributed 
within these frequency bands can be further processed to 
extract defect related components. 
 
2.1  Flow chart of the proposed method 

The specific signal processing and optimization 
procedure diagram, which illustrates the relationship of 
transient selection, scale selection and wavelet selection are 
shown in Fig. 1. 

 

 

Fig. 1.  Procedure diagram proposed 

 

In Fig. 1, the specific procedure of the proposed method 
can be summarized as the following steps. 

 

Step 1: Input raw thermal sequences from ECPT. 
Step 2: Optimize the scale through comparing the mean 

coefficient energy of multi-level wavelet transform and find 
the scale where it enable to maximize the separability for 
fibre and impact thermal patterns. 

Step 3: Select optimal wavelet through applying the 
maximum energy criteria under the selected scale. 

Step 4: Select optimal transient frame through abserving 
the variation of low and high frequency components with 
the change of time at the selected scale using the optimal 
wavelet. 

Step 5: Use the optimal wavelet and selected scale to do 
wavelet transform to the optimized transient ECPT image. 

Step 6: Detect the impact damage and fibre texture 
information. 

 
2.2  Proper transient frame selection of ECPT 

The behave of thermal transient on tested sample can be 
recorded during ECPT and the most of current methods 
mainly manually select a specific transient frame to detect 
and quantify the defects. However, the drawbacks of 
current methods originate from its lack of a generalized 
criterion for selecting proper transient frame to maximize 
the detectability for defects. In practice, these methods will 
inevitably suffer from under-informative which 
subsequently lead to ambiguity in the defect detection. In 
this paper, we initialize the ith level DWT(the ith level 
denotes decomposition level of using DWT. More discussion 
of proper level selection will be discussed in section 2.3).  

Fig. 2 presents the procedure of using discrete wavelet 
transform to analyze the time frequency component for  

whole transient frames{ } 1
( )

N

t
t

=
X , where 1,  2, ,  t N=  . 

X(t) denotes transient frame at t time point. N denotes the 
total frames.  

The richness of using 2D wavelet transform guarantees 
the decomposition covers all directions (horizontal, vertical 
and diagonal). Therefore, the decomposition results will 
likewise cover all directions even without knowing the 
fiber orientations. The ith level coefficient matrix of DWT 
for approximation, detail (horizontal, vertical and diagonal) 
can be expressed by Eqs.(2)–(5):  

 

{ }( ) DWT ( ) ,i i
A At t=Y X             (2) 

 
Fig. 2.  ECPT schematic and transient frame sequences 
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{ }( ) DWT ( ) ,i i
H Ht t=Y X             (3) 

 

{ }( ) DWT ( ) ,i i
V Vt t=Y X              (4) 

 

{ }( ) DWT ( ) ,i i
D Dt t=Y X             (5) 

 

where X(t) denotes thermal image, ( )i
A tY , ( )i

H tY , ( )i
V tY , 

( )i
D tY  denotes ith decomposition level of approximation, 

horizontal, vertical and diagonal detail wavelet coefficient 

matrix, respectively. Here ( )i
A tY , ( )i

H tY , ( )i
V tY , ( )i

D tY  

are matrix with dimension of J´K. { }DWTi •  denotes the 

discrete wavelet transform at the ith level.  
After the coefficient matrix at ith level was obtained, the 

coefficient energy of different thermal images was 
computed and compared. The approximation and horizontal, 
vertical, diagonal detail coefficient energy was calculated 
by Eqs. (6)–(9): 

 
2
,( ) ,i

A j kE t a=å                (6) 

 
2
,( ) ,i

H j kE t h=å                (7) 

 
2
,( ) ,i

V j kE t v=å               (8) 

 
2
,( ) ,i

D j kE t d=å               (9) 

 
where ( )i

AE t , ( )i
HE t , ( )i

VE t , ( )i
DE t denotes approximation 

and horizontal, vertical diagonal detail coefficient energy of 

X(t) at the ith level, respectively. ,j ka , ,j kh , ,j kv  , ,j kd is 

the (j,k)th element of coefficient matrix ( )i
A tY , ( )i

H tY , 
( )i

V tY , ( )i
D tY , respectively.  

Through Eqs. (6)–(9), the approximation and detail 
coefficient energy in different direcion at ith level of all 
transient images was calculated. Once the coefficient 
energy at ith level of all frames was calculated, the 
coefficient energy of different frames was compared and 
the elbow point is chosen in which can balance the richness 
of informative for both low and high frequency component 
as being considered as the optimal transient selection. More 
discussion and analysis will be specified in section 3.2. 
 

2.3  Proper spatial scale selection  
Once the proper transient frame has been selected, the 

target is to enhance the spatial resolution of defect 
identification. As mentioned in section 2.2, different 
frequency component can be extracted from the transient 
image through changing the scale of WT. This is performed 
by stretching and translating the mother wavelet via 
varying the scale index. Therefore, the more similar these 
wavelets are to the signal components, the larger the 

wavelet coefficients. This means the wavelet coefficients 
will have relatively high magnitudes for the case where a 
high correlation between a major frequency components 
corresponding to a particular component exists in the signal. 
This correlation can be judged by computing the mean 
coefficient energy and the proper scale can be selected. In 
this study, the optimal scale selection focus on the analysis 
of different decomposition level, which has the potential to 
maximize the separability of fibre and impact thermal 
patterns. Because the dimension of coefficient matrix was 
halved after each decomposition level, thus the mean 
coefficient energy at different level was computed and 
compared to get fair level selection. Namely 

 

2
,( ) ( ),A j ke i a J K= / ´å             (10) 

2
,( ) ( ),H j ke i h J K= / ´å             (11) 

2
,( ) ( ),V j ke i v J K= / ´å             (12) 

2
,( ) ( ),D j ke i d J K= / ´å             (13) 

 
where ( )Ae i , ( )He i , ( )Ve i , ( )De i , denotes the mean 

coefficient energy at ith decomposition level, respectively. 

,j ka , ,j kh , ,j kv  ,j kd  is the (j,k)th element of coefficient 

matrix ( )i
A tY , ( )i

H tY , ( )i
V tY , ( )i

D tY , respectively. 

1, 2, ,j J=  , 1, 2, ,k K=  , J´K is the dimension of 

coefficient matrix. 
 

2.4  Mother wavelet selection 
The key to the use of WT is to look for a set of different 

base wavelets. Base wavelets are characterized by 
orthogonality, symmetry and compact support. Understanding 
these properties will be helpful to choose a candidate base 
wavelet from the wavelet families for analyzing different 
signals. For example, the orthogonality property indicates 
that the inner product of the base wavelet is unity with 
itself, and zero with other scaled and shifted wavelets. As a 
result, an orthogonal wavelet is efficient for signal 
decomposition into nonoverlapping subfrequency bands. 
The symmetric property ensures that a base wavelet can 
serve as a linear phase filter. A compact support wavelet is 
the one whose basis function is nonzero only within a finite 
interval. This allows the wavelet transform to efficiently 
represent signals that have localized features.  

There are two ways to measure wavelet performance, 
one is qualitative and the other is quantitative. Qualitative 
criteria like shape matching. As far as shape matching is 
concerned, it is generally difficult to accurately match the 
shape of a signal to that of a base wavelet through a visual 
comparison. These deficiencies motivate the study of 
quantitative measures for base wavelet selection. 
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Quantitative criteria like maximum cross correlation 
coefficient between the wavelets and the signal under 
analysis. Furthermore, there are two more quantitative 
criteria to determine optimal wavelet base, which are 
maximum energy and minimum Shannon Entropy. 

In this study, the maximum energy criteria was proposed 
to select a optimal base wavelet. The energy content of a 
signal ( )X t can be calculated by Eq. (14): 

 

2
( )E X t= ò dτ.                  (14) 

 

Simultaneously, it can be calculated from its wavelet 
coefficients WT(i, τ): 

 

2
WT( , )E i τ= òò didτ.            (15) 

 

The ith level energy can be revised as 

 

2
WT( , )iE i τ= ò dτ.             (16) 

 

In practical, the wavelet coefficients is discrete, thus the 
energy content of the signal at the scale i of DWT can be 
approximately measured by Eq. (17): 

 

{ }
2

DWT( , ) .iE i τ=å             (17) 

 

The optimal wavelets are those most close to the signal 
under analysis. The more closer the wavelets are to the 
signal, the magnitude of wavelet coefficient will be larger. 
The reason is because a specific frequency energy content 
of a signal can be reflected from the wavelet coefficient at a 
specific scale and the ideal base wavelet that can extract the 
largest amount of energy from the signal at the selected 
scale. 
 
3  Experiment and Analysis 

 
3.1  Experimental set-up and sample preparation 

ECPT system including excitation source, induction coil 
and a thermal camera is shown in Fig. 3. An Easyheat 224 
from Cheltenham Induction Heating is used for coil 
excitation to generate a maximum current of 400 Arms and 
an excitation frequency range of 150–400 kHz(380 A and 
256 kHz are used in the experiments) with a maximum 
excitation power of 2.4 kW. In general, high excitation 
frequencies will lead to different skin depths and a high 
induced temperature due to eddy current heating. The 
time-domain thermal information will be used to derive 
defect profile information. The Flir SC7500 is a Stirling 

cooled camera with a 320´256 array of 1.5–5 μm InSb 
detectors. The camera has a sensitivity of <20 mK and a 
maximum full frame rate of 383 Hz. A video comprising of 
191 frames of transient thermal images showing impact 
damage of the CFRP sample with pulse thermography can 
be retrieved using this system. 
 

 
Fig. 3.  ECPT system setup 

 

The impact damage was manufactured in the middle of 
the sample by a small impact energy of 4 J using CEAST 
FractovisPlus 9350 impaction equipment. The impactor is 
hemi-spherical 22.2 mm in diameter and a mass of 2.04 kg. 
The impacts were produced under conditions specified by 
ASTM D7136 at a temperature of 2010℃. Fig. 4 shows 
the impact damage schematic. 

 

 
Fig. 4.  Impact damage schematic 

 

The sample was produced by TenCate Advanced 
Composites, Netherlands, and provided by Prof. Raimond 
Grimberg from National Institute of Research and 
Development for Technical Physics, Romania. The 4J 
impacted test sample is shown in Fig. 5. 

 

 
  (a) Image of impacted sample        (b) Structure of fibre 

  Fig. 5.  Image of impacted sample and structure of fibre 



 
 
 

CHINESE JOURNAL OF MECHANICAL ENGINEERING 

 

·773· 

The ECPT thermal video of 4J impact damage where 
impact point is marked as circle box in Fig. 5(a) is provided 
by Newcastle University. There are two modes for ECPT 
equipment to produce transient thermal image. One is 
reflection mode, and the other is transmission mode. 
Because thermal image sequences in reflection mode was 
blocked by the induction coil, which then influence the 
later analysis. In this study, the transmission mode was 
applied.  
 
3.2  Impact of transient selection 

As mentioned in section 2, the coefficient energy of 
DWT in different decomposition level can reflect the 
frequency component of the signal. In this study, the 
coefficients at fourth level from DWT was chosen because 
both fibre and impact thermal informative patterns are 
approximate fully separated. More discussion on level 
selection will be detailed in Section 3.3. In order to find the 
optimal transient frame, coefficient energy of both low and 
high frequency components are computed and compared 
among all frame sequences. As 2D WT is directional which 
means the decomposition covers different directions such 
as horizontal, vertical, diagonal, DWT decomposes image 
into four sub-matrixes where low frequency component 
serves as approximation and the other three high frequency 
(horizontal, vertical and diagonal) components reflect the 
details. In this study, for high frequency component, we 
select one direction as a representative because the 
distribution of details in all three directions behaves almost 
the same.  

Since thermal image consists of low and high frequency 
component, it is expected to observe the variation of energy 
driving at both low and high frequency components along 
with the transient of thermal image sequences to select a 
proper frame. As can be seen from the Fig. 6, the variation 
of coefficient energy of approximation component and 

detail component are different. The energy of low 
frequency component increases with constant speed to an 
elbow point, and then remain a steady state rate. The 
energy of high frequency component performs completely 
different where it has a high rising rate to the same elbow 
point and then decreases sharply to the bottom. These 
phenomena can be explained from a physical point of view. 
In the composites, fibre-woven construct together and resin 
as a supporting body. Macroscopic observations found 
that[25], the small impact energy can result in a concave 
imprint on the surface of specimen. This deformation will 
leads to accumulation of eddy current in this area. In 
heating phase, since the electrical and thermal conductivity 
is the greatest along the fibre orientation[34], the generated 
Joule heating increases the temperature along the fibre 
orientation rapidly. In the cooling phase, since there is no 
heating source, the heat diffusion[24] starts from the higher 
temperature areas(fiber) to the surrounding area. That is 
why the coefficient energy of fibre related high frequency 
component increase rapidly in the heating stage and 
decrease sharply at the cooling stage. Low-frequency 
component contains the majority energy of the ECPT 
image signal, which represents the heat generation and 
diffusion contour of the whole specimen. It increases in the 
heating stage and then with a slight rise because of heat 
diffusion from higher temperature areas(fibre) at the 
beginning of the cooling stage. This changing process is 
relatively stable and finally achieves a balance state. In this 
study, the elbow point as frame 76 was selected which 
balance the richness of informative for both low(impact 
detection) and high frequency component(fibre information) 
as being considered as the optimal transient selection. 
These two transient characteristics provide us with a 
signature to distinguish the impact and fiber component 
which can be used as features to recognize a diverse range 
of defects. 

 

 
Fig. 6.  Approximation and detail changes with the transient time 

 

For validating the proposed transient selection method, 
we randomly choose other frames for comparison. Figs. 7 
(a), (b), (c) compare the spatial resolution of impact 

detection using low frequency component by selecting 
different transient frames and Figs. 7(d), (e), (f) show fibre 
related thermal information(using H4 as a representative), 
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as it is another important phenomenon, which can be 
further analyzed for delamination and fiber rupture, and etc. 
As it can be seen from the Fig. 7, time point selection will 
impact the results. The fibre information can be clearly 
detected while the impact point cannot be seen in frame 50, 
the impact point in frame 120 is blurred because of the heat 

diffusion in the cooling stage and the fibre information is 
not very clear, while the impact damage and fibre 
information can both be seen clearly in frame 76. Through 
the comparison we learn that the selection of frame will 
influence the results and proper frame selection is needed. 
Frame 76 is selected as an optimal frame for further study. 

 

 
Fig. 7.  Impact point and fibre detection and comparison by selecting different transient frame 

 

 

3.3  Impact of spatial scale selection 
Mean coefficient energy of I level WT decomposition 

was computed to select a proper scale of decomposition. 
The I=5 level decomposition results are shown in the   
Fig. 8. 

 

 

Fig. 8.  Mean coefficient energy of each level, where horizontal 
axis represents decomposition level and vertical axis represents 

the mean coefficient energy value of each level 

 
As can be seen from Fig. 8, the mean coefficient energy 

of the approximation increase gradually with the increase 

of decompositon level. However, the mean coefficient 
energy of the details(horizontal, vertical and diagonal) are 
very small at the first three levels, while the mean 
coefficient energy at the fourth level is the largest among 
the five level decomposition. That means a major frequency 
component corresponding to the scale of level four exists in 
the thermal image, then the wavelet coefficients at this 
level will have relatively high magnitudes. Thus, the 
components related to that scale can be extracted from the 
thermal image signal through the wavelet transform. Fig. 9 
shows the five level decomposition and reconstruction 
results using the optimal wavelet (how to select a optimal 
wavelet will be detailed in section 3.4).  

As can be seen from Fig. 9, after the reconstruction, part 
of high frequency components was filtered out from the 
thermal image in the first three level. However, the fibre 
information still exist in the approximation image. More 
precisely, the fourth level DWT leads to an approximately 
perfect separation of impact approximation and fibre details 
as compared to the other level of decomposition 
performance. This consistent with what has been discussed 
why the high frequency mean coefficient energy at fourth 
level is much larger than the other levels. In the study, the 
fourth level is selected as the proper decomposition level 
while the purpose to display 5-level decomposition results 
is to illustrate the performance comparison.Thus, the proper 
scale was selected which has the potential to maximize the 
separability of fibre and impact. 



 
 
 

CHINESE JOURNAL OF MECHANICAL ENGINEERING 

 

·775· 

 

 
Fig. 9.  Five level decomposition and reconstruction of frame 76 

 

 
3.4  Impact of mother wavelet selection 

In this section, we compare the performance of choosing 
different wavelets for decomposition. Through experiments, 
several suitable wavelet candidates are selected. They are 
db(5–10), coif(4–5), bior(3.5, 3.7, 3.9–6.8), sym(5–10). 

Different base wavelet coefficients energy was computed 
and compared. The optimal wavelet is the one which 
extract the most energy at the selected scale from the signal 
when applying wavelet transform. In Fig. 10, five wavelet 
candidates are applied and their coefficient energy after  

 
Fig. 10.  Coefficient energy comparision of approximation 

 and details use different wavelet 

wavelet transform at fourth level was computed and 
compared.  

As can be seen from the Fig. 10, the maximum 
coefficient energy of approximation is obtained by coif4, 
while the energy of coif4, bior3.9, sym9 are all relatively 
large. In addition, the directional coefficient energy 
distribution of high frequency behaves different. The high 
frequency coefficient energy of bior3.9 wavelet in 
horizontal, vertical, diagonal direction are all much larger 
than the others. This means the bior3.9 wavelet is highly 
approximating to extract related component in the signal. 

Tabel 1 shows an example of the reconstruction results of 
the fourth level using the five different wavelet methods for 
comparison. From Table 1 it can be concluded that the 
wavelet selection can also influence the results. Db7, coif4 
and sym9 wavelet can effectively separate fibre information 
from the thermal image and reveal the impact point in the 
low frequency component. Fibre information in different 
direction was extracted and illustrated in H4, V4 and D4, 
respectively. However, it can be seen from the image that 
the impact point cannot be seen clearly. The reconstruction 
images using haar wavelet is blurred, that is because in 
mathematics, the haar wavelet is a sequence of rescaled 
square-shaped functions. Therefore, this phenomenon is 
most likely due to little similarities in shape between haar 
wavelet and the components in the thermal image. While 
bior3.9 wavelet performs the best, which not only separate 
high frequency component related to fibre information, but 
also reveal the impact point which fully retain the low 
frequency component as can be seen clearly in the enlarged  
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Tabel 1.  Reconstruction results comparision of the fourth level use different wavelets 

Coif 4 

Db7 

Bior3.9 

Haar 

Sym9 

 

image in Fig. 11. Moreover, the optimal wavelet may vary 
from one application to another based on the nature or 
shape of the signal.  

 

 

Fig. 11.  Enlarged approximation of fourth level  
using bior3.9 wavelet 

 

4  Conclusions 
 

(1) According to the frequency component analysis by 
using the wavelet coefficient energy driven approach, an 
automatic method for optimal transient frame selection 
from thermal sequences is proposed. The thermal image at 

the end of heating stage is selected as optimal frame. 
(2) Through dividing ECPT thermal image signal into 

different frequency subbands using wavelet transform, low 
energy impact damage is revealed from the ECPT thermal 
image and fibre texture is detected through proper scale 
selection. 

(3) Optimized base wavelet is selected and investigated. 
The wavelet analysis based optimization process can be 
applied to further quantitative NDE of ECPT for different 
conductive material inspection. 

The qualitative and quantitative criteria will be 
investigated in the later study through analyzing the 
samples impacted by different impact energy. 
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