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Abstract
Non-destructive testing using ultrasonic signals has been widely employed to
detect material damage and prevent accidents. A collected ultrasonic signal
may be noisy and weak because of the grains in materials, incomplete contact
between transducers and the mounting surface, and the long transmission
path. Stationary wavelet transform has been applied together with kurtosis
and universal de-noising to analyze ultrasonic signals in an attempt to
identify the weak signals encountered in testing of metallic materials. The
time-of-flight of signal in a metallic material is estimated by cross-correlation
analysis. Application of the method is demonstrated through the ultrasonic
testing of a thin steel plate with a slot.

(Some figures in this article are in colour only in the electronic version)

1. Introduction

Non-destructive testing (NDT) provides a means to test
material integrity and locate degradation in structures such as
ships, aircraft, reusable launch vehicles and bridges. Ultrasonic
NDT has attracted the interest of researchers [1–9]. Pulse-
echo is one ultrasonic technique that has attracted particular
attraction [5–9]; it can measure the flight time of an ultrasonic
signal from the beginning of signal transmission to the time of
receipt of all echoes. In practice, the received signals may be
noisy and very weak for the following reasons. First, a lot of
different grains may be involved in metallic materials. Second,
contact between the transducers and the mounting surface of
a material is not always tight. Third, some material structures
are extremely large, which results in a long transmission path
for ultrasonic signals and significant signal attenuation.

Research shows that ultrasonic noise cannot be reduced by
classical time-averaging or band-pass filtering techniques [6].
In addition, an ultrasonic signal transmitted into a material
is usually a pulse signal that is non-stationary. Therefore,
the corresponding echoes are also non-stationary. This adds
to the difficulty of locating material degradation with weak

ultrasonic signals. Because Fourier transform is unable
to deal with non-stationary signals, Fourier transform-based
methods cannot identify weak echoes. Wavelet analysis is able
to deal with non-stationary signals through time–frequency
analysis and has been used in ultrasonic NDT. Serrano et al
applied a discrete wavelet transform (DWT) together with a
neural network for ultrasonic extraction of features and defect
recognition in foundry pieces [7]. Drai et al developed a
technique based on the calculation of wavelet coefficients,
frequency and time-domain parameters to characterize defect
echoes [8]. But issues such as the weakness and noise of
ultrasonic signals are seldom addressed. Noise reduction
and identification of weak ultrasonic signals are definitely
helpful for location of material degradation. Rizzo and Scalea
investigated ultrasonic signal de-noising using DWT through
reconstruction using wavelet coefficients on each scale by
setting the wavelet coefficients from other scales equal to
zero [9]. Though a DWT is able to perform the time–
frequency analysis and noise canceling that is necessary for
the identification of weak ultrasonic signals, the DWT is not
a time-invariant transform that has potential limitations. It
means that even with periodic signal extension, the DWT of a
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translated version of a signal x is not, in general, the translated
version of the DWT of x [10]. The length N of the wavelet
coefficients on each scale will become smaller at deeper
wavelet decomposition levels [11]. This affects the application
of the universal de-noising threshold σ

√
2 log(N) [12] because

the threshold is related to sample length N .
Pesquet and Krim proposed the stationary wavelet

transform (SWT) in 1996 [10]. The SWT is similar to the DWT
except that the signal is never down-sampled and the filters
are different at each decomposition level. The advantage of
the SWT compared with the DWT is that the SWT is time-
invariant transform. The length of wavelet decomposition
coefficients on each scale is equal to that of the original
samples, which preserves the information redundancy. The
de-noising threshold will therefore no longer be affected by
wavelet transform. Cohen also agreed that restoration of the
translation invariance (a desirable property lost by the classical
DWT) is useful for several applications such as detection of
the breakdown point and de-noising [13]. Because kurtosis is
sensitive to sharp variant structures, such as impulses [14], and
can measure the sudden change in the spatial variation of a
signal [15], it can be employed to choose the scale where the
wavelet coefficients of pulse echoes are dominant for further
analysis. In order to remove the noise information from the
wavelet coefficients on this selected scale, the appropriate
σ of noise should be evaluated for threshold determination.
Although Donoho proposed a method for estimating σ by
MAD/0.6745 [16], where MAD denotes the median of the
absolute deviation of a signal, this σ is only an approximate
value. The true σ will be useful for improving the accuracy
of the de-noising threshold. It is well known that practical
ultrasonic echoes are actually the mixed signals of a pure
pulse’s echoes and noise. Because the echoes are not an
ideal impulse signal, they only distribute on a specific scale.
Therefore, the standard deviation of wavelet coefficients on
some other specific scales must be close or equal to the
standard deviation of the real noise wavelet coefficients.
Fortunately, the SWT provides a way to obtain the standard
deviation of wavelet coefficients on different scales. The
appropriate standard deviation of noise wavelet coefficients
may be obtained based on SWT. The de-noising threshold will
be close to the true noise threshold, which can be helpful
for noise reduction. Therefore, SWT should have a powerful
potential to identify weak ultrasonic signals polluted by noise
in metallic materials. Ultrasonic time-of-flight (TOF), which is
used to estimate the location of material degradation, could be
calculated through correlation analysis between the de-noised
signal and the transmitted signal.

The rest of the paper is organized as follows. Stationary
wavelet transform is introduced in section 2. The proposed
method of combining stationary wavelet transform, kurtosis
and universal de-noising method is presented in section 3 in
an attempt to accurately detect the weak ultrasonic signals
observed in materials testing. Experiment set-up is illustrated
in section 4. Ultrasonic signals are analyzed in section 5.
Conclusions are presented last.

2. Stationary wavelet transform

A wavelet ψ(t) is a waveform that has a limited duration and
an average value of zero on (−∞,∞). The wavelet family can

be represented by

ψa,b = |a|−1/2ψ

(
t − b

a

)
, (1)

where a and b represent the dilation and time parameters of
the wavelet [17]. a > 0, b ∈ R. ψa,b means a wavelet
which is formed from a mother wavelet function ψ(t) through
rescaling and shifting. Continuous wavelet transform (CWT)
of the signal x(t) can be given by

wa,b = 〈x(t), ψ̄a,b〉 = |a|−1/2
∫

x(t)ψ̄

(
t − b

a

)
dt, (2)

wherewa,b(t) denotes wavelet transform coefficients [17], x(t)
is a source signal, 〈·, ·〉 represents the inner product operation
and ψ̄ denotes the complex conjugate. In application, time-
scale parameters (b, a) are sampled so that the signal could be
represented by wavelet coefficients in an economical manner
through the definitions of a = 2 j and b = k2 j . Equation (1)
becomes [18]

ψ j,k = 2− j/2ψ(2− j t − k), (3)

where j and k are arbitrary integers. Wavelet coefficients will
then be obtained correspondingly by

w j,k = 〈x(t), ψ̄ j,k〉 = 2− j/2
∫

x(t)ψ̄(2− j t − k) dt, (4)

which is called the DWT [19]. Mallat proposed a multi-
resolution pyramidal algorithm for fast DWT by [11]

〈x(t), φ j,k〉 =
∑

k

〈x(t), φ j−1,k〉g(k − 2n), (5)

〈x(t), ψ j,k〉 =
∑

k

〈x(t), φ j−1,k〉h(k − 2n), (6)

where φ j,k is a scaling function. g(k) and h(k) are the impulse
response of low pass and high pass filters, called quadrature
mirror filters (QMFs) [20].

Let us consider a signal x(n) and c j−1,k = 〈x(n), φ j−1,k〉.
n is an arbitrary integer. According to equations (5) and (6),
the DWT of signal x(n) can be obtained by

c0,n = x(n), (7)

c j,n =
∑

k

c j−1,k g(k − 2n), (8)

w j,n =
∑

k

c j−1,k h(k − 2n). (9)

c j,n and w j,n are discrete scaling coefficients and wavelet
coefficients. They represent the approximation and discrete
details of signal x(n) at resolution 2 j , respectively. In
equations (8) and (9), a down-sampling algorithm, which keeps
one point out of two, is used to perform the transform. The
whole length of the signal x(n) will reduce by half after each
transform until the length of the wavelet coefficients on the
first scale is equal to 1. Therefore, the time-invariance property
cannot be guaranteed.

Corresponding to the down-sampling algorithm, the up-
sampling algorithm can be defined as f (2n) = f (n) and
f (2n + 1) = 0. SWT is the extension of DWT [10]. The
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Figure 2. Scaling function and wavelet function of the Meyer wavelet.

basic idea is to modify the quadrature mirror filters through the
up-sampling algorithm before performing the filter convolution
on each scale in order to keep the redundancy of wavelet
transforms. The key is to modify filters by the insertion of
zeros. Therefore, equations (8) and (9) can be revised as

c j,n =
∑

l

c j−1,n+2 j−1l g(l), (10)

w j,n =
∑

l

c j−1,n+2 j−1lh(l), (11)

respectively [21], where l is an arbitrary integer. SWT

coefficients {swc
j

�
,n
| j
� = 1, 2, . . . , J + 1} consist of

cJ,n, wJ,n, wJ −1,n, . . . , w1,n at decomposition level J .
The difference between DWT and SWT is illustrated in

figure 1. Figure 1(a) shows the Mallat pyramid algorithm [11].
The filters g and h are not varied during the DWT on
each scale. Down-sampling is performed on the transform
coefficients. Figure 1(b) presents the algorithm of the

SWT [10]. The filters g and h are up-sampled before
performing the next transform. g j and h j represent the filters
used at resolution 2 j . A restriction should be satisfied for the
application of the SWT. That is, the length of the signal should
be divisible by 2J where J is the maximum decomposition
level that we choose. When the high-pass and low-pass
filters are applied to a signal, the two new sequences have
the same length as the original sequence, which remain the
time-invariance property of wavelet coefficients. Therefore,
the SWT coefficients of a delayed signal are just a time-shifted
version of those of the original one [22].

The Meyer wavelet, a biorthogonal wavelet, is available
to be used in discrete wavelet transform [23]. In order to
illustrate the modification of filters, the Meyer scaling function
(low pass filter), the wavelet function (high pass filter) and their
corresponding up-sampled filters are shown in figures 2(a)–(d),
respectively. Comparing figures 2(a) and (b) with 2(c) and (d),
respectively, we can notice that the filters in figures 2(a) and (b)
are modified and their length is extended.
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Figure 3. A flow chart of the proposed method.

3. The proposed method

We present method for identification of weak ultrasonic signals
based on the following assumption. The frequency components
of all reflection, refraction and scattered echoes are the same
if a pulse signal is transmitted into a metallic material. This
means that all the received signals have the same frequency.
In practice, the received echoes only contain pulse echoes and
noise. The echoes are not ideal impulse signals: they only
distribute in a specific frequency band that corresponds to a
specific scale instead of the entire frequency domain.

Figure 3 shows a flow chart of the proposed method.
xT(t) is a transmitted signal. SWT is used to decompose
the received signal xE (t) into multi-transform coefficient sets.
Each coefficient set locates in a specific frequency band (t
is time). Taking figure 4 as an example, if a raw signal is
decomposed to the J th level, we may obtain (J + 1) data sets:

j
� = 1, 2, . . . , J +1. N represents the length of the raw signal,
as well as the length of the wavelet coefficients in each data set.
n represents the nth point in each data set. swc

j
�
,n

represent the

SWT coefficients on the scale j
�

.
After obtaining SWT coefficients, noise should be

removed. Kurtosis defined by

Figure 4. Kurtosis and standard deviation of SWT coefficients.

kurtosis =
∑

i (xi − x̄)4/N

(
∑

i(xi − x̄)2/N)2
(12)

is used in this paper as a criterion for noise removal because
it has a higher value for a sharp variant structure and a lower
value for a non-sharp variant structure, such as noise which
distributes in the entire time–frequency plane [14]: x is the
sampled time series, xi is the i th sample in x , x̄ is the mean
and N is the length of x . In figure 4, for the coefficients on
each scale, we calculate kurtosis and select the scale denoted
by Ĵ that corresponds to the maximum kurtosis K Ĵ . Then, all

the coefficients except that on scale Ĵ will be set to zero. That

means, if j
� �= Ĵ , then we let swc

j
�
,n

= 0. swc
j

�
,n

represent

the zeroed swc
j

�
,k

when j
� �= Ĵ .

But noise still exists in the remaining coefficients on
scale Ĵ . Because soft-thresholding has advantages such as
achieving a near-optimal minimax rate, smaller risk and visual
improvement [21], it can be used to shrink the coefficients on
the scale Ĵ . The soft-threshold rule is defined by [12]

swcĴ ,n =
{

sgn(swcĴ ,n)(|swcĴ ,n| − th) |swcĴ ,n | � th

0 |swcĴ ,n | < th,
(13)

where swcĴ ,n and swcĴ ,k represent shrunk SWT coefficients

and original SWT coefficients on the scale Ĵ , respectively,
th represents the threshold, th = σ

√
2 log(N) and sgn(·) is

a signum function. Because we assume that all the echoes
have same frequency, the coefficients of echoes will locate in
a specific frequency band, which corresponds to a scale. The
coefficients on other scales should be close to the coefficients
of noise. In order to completely remove noise, we let σ =
max{σ

j
�| j

� = 1, 2, . . . , J + 1; j
� �= Ĵ }. Here, standard

deviations {σ
j

�| j
� = 1, 2, . . . , J + 1; j

� �= Ĵ } are calculated

using the coefficients on all scales except Ĵ before setting
swc

j
�
,n

= 0 (see figure 4). Through the inverse stationary

wavelet transform based on these shrunk SWT coefficients
swc

j
�
,n

, j
� = 1, 2, . . . , Ĵ , . . . , J + 1, we can reconstruct the

de-noised signal.
Correlation analysis is a powerful tool for the measure-

ment of coherence between signals. The peaks as a result of
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cross-correlation between two signals indicate the time of flight
between them. This is particularly useful for a transportation
delay. Let x(t) and y(t) be two different random time se-
ries, the cross-correlation between them could be represented
by [24]

Rx y(t) =
∫ ∞

−∞
x(τ)y(τ−t) dτ =

∫ ∞

−∞
x(τ+t)y(τ) dτ. (14)

This equation indicates that there is a time t = τ at which
the absolute value of the cross-correlation function is equal to
or greater than at any other time. The appearance time of a
larger peak, which is the TOF of ultrasonic signal, indicates a
resemblance between the received signal and the transmitted
signal [25]. The distance between an ultrasonic sensor and the
damage in a metallic material could be calculated according to
the TOF and the speed of transmission in the material.
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Figure 7. The raw signal received for the first scheme of the
experiment.

4. Experimental set-up

The experiments used to demonstrate the application of
the proposed method were conducted with an ultrasonic
pulser/receiver system on a thin 347 stainless steel plate with
a slot. The experimental set-up is shown in figure 5(a).
The slot in the plate was generated to simulate damage to a
metallic material. Because shear wave transducers are suitable
for measuring the relative distance of the object from the
mounting position of the transducers [26] and a shear vertical
(SV) wave at 45◦ incidence is optimal for the inspection of
crack-like damage [27], they are adopted in this experiment.
The velocity of the plane shear wave is 3100 m s−1. Two
2.25 MHz beam transducers (0.5 in × 1.0 in), A and B, with
45◦ angle wedges are tandem mounted on the same side of
the slot to respectively launch and receive ultrasonic signals.
An ultrasonic couplant of type XD-740 (General Electric) is
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used between the transducers and the surface of the plate.
x1 represents the distance between the slot and transducer A
and x2 represents the distance between transducers A and B
(x2 = 20 mm). x3 denotes the distance between the left
boundary of the plate and transducer A. x4 denotes the distance
from the top boundary of the plate to both transducers A and
B. Let D represent the distance of ultrasonic signal flight. x�

represents the distance between transducer A and the plane of
reflection. The plane of reflection may be the slot or the left
boundary of the plate. Because the transmitted signal has 45◦
incidence, we have the following relationship:

D = (2x� + x2)/ sin 45◦. (15)

Both transmitted and received signals are shown by a
TDS 3034B oscilloscope and saved by a computer. The
experiment contains three schedules, shown in figures 5(b)–
(d), respectively. Different distance between transducer and
slot and different couplant conditions are achieved in order to
simulate ultrasonic signals, including weak and noisy ones. In
addition, we expect to identify the echoes reflected by both
the slot and the left boundary simultaneously in figures 5(c)
and (d).

A pulse signal generated by the AFG 320 arbitrary
function generator is used as the transmitted signal, shown
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Figure 10. The raw signal received for the second scheme of the
experiment.

in figure 6. The pulse duration is 0.6 μs corresponding to
1.67 MHz.

5. Ultrasonic signal analysis

Ultrasonic signals are analyzed in order to demonstrate the
application of the proposed method. A Meyer wavelet is
employed for SWT in this study because the shape of a Meyer
wavelet is similar to that of the created pulse signal. The
decomposition level of the SWT is chosen as J = 3.
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In the first experimental scheme, transducers A and B are
mounted as in figure 5(b) (x4 = 67 mm). The pulse response
from the slot plane is expected to be received by transducer B.
Figures 7 and 8 show the raw echo signal received and its SWT
coefficients, respectively. The coefficient set on the fourth scale
has the biggest kurtosis, K4 = 3.65. The standard variances
of the coefficient sets on the first–third scale are calculated.
The biggest, σ = 1.83 × 10−4, is chosen to calculate the de-
noising threshold. The de-noised signal is shown in figure 9(a).
The cross-correlation signal between the transmitted signal and
the de-noised echo signal is presented in figure 9(b). We can
extract the TOF of 4.462 × 10−5 s in figure 9(b). According to
equation (15), we evaluate x� = 38.9 mm that is close to x1 in
figure 5(b). Therefore, the location of the slot can be detected.

In the second experimental scheme, transducers A and B
are put as in figure 5(c). Pulse responses from both the slot
plane and the plate’s left boundary are expected to be in the
signal received by transducer B. Figures 10 and 11 show the
raw echo signal and its SWT coefficients, respectively. Only
the reflection of the slot can be found in the raw signal. The
coefficient set on scale 4 has the biggest kurtosis, 3.35. The
biggest σ = 2.09 × 10−4 is chosen to calculate the de-noising
threshold. The de-noised signal and the cross-correlation
signal are presented in figures 12(a) and (b), respectively.
Reflections of both the slot and the boundary are visible in
figure 12(a). Two TOFs, 3.984×10−5 and 7.556×10−5 s, can
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Figure 13. The raw signal received for the third scheme of the
experiment.

be identified in figure 12(b). We can calculate that x� = 33.7
and 72.8 mm. They are close to x1 = 33 mm and x3 = 72 mm,
respectively. Therefore, the proposed method can identify both
the strong and weak ultrasonic signals that make it easy to
locate the slot and the left boundary of the plate.

In the third experimental scheme, transducers A and
B are mounted as figure 5(d). In order to simulate weak
ultrasonic signals, x1 and x3 are increased and less couplant is
used compared with that in the first and second experimental
schemes. Pulse responses from both the slot plane and the
plate’s left boundary are expected to be identified from the
signal received by transducer B. Figure 13 shows the raw echo
signal. There are no obvious pulses existing in the figure.
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Figure 15. De-noised signal and TOF detection of the signal received for the third scheme of the experiment.

Figure 14 gives the SWT coefficients. The coefficient set
on scale 2 has the biggest kurtosis, 3.81. The biggest σ =
1.87×10−4 is chosen for de-noising. The de-noised signal and
cross-correlation signal between the transmitted signal and the
de-noised echo signal are presented in figures 15(a) and (b),
respectively. The TOFs 1.243 × 10−4 and 1.596 × 10−4 s
can be measured in figure 15(b). The flight distances may be
calculated as x� = 126.2 and 164.9 mm, which are close to
x1 = 126 mm and x3 = 164 mm, respectively. Therefore, we
can locate the slot and the left boundary of the plate through
the identification of weak ultrasonic signals.

6. Conclusions

The identification of weak ultrasonic signals will help to
improve the capability for testing material integrity and
locating degradation in materials. An method of identification
of weak ultrasonic signals based on stationary wavelet
transform, kurtosis and cross-correlation analysis is proposed
in this paper. The following conclusions are obtained. A Meyer
wavelet is available to extract pulse responses from ultrasonic
signals. The maximum standard variance of stationary wavelet
transform coefficients on the scale that does not correspond
to the maximum kurtosis can be used for evaluation of the
noise threshold. Kurtosis can be used to select the scale where

the SWT coefficients should be retained. Weak ultrasonic
signals can be identified by the proposed method based on a
combination of SWT, kurtosis and the soft-threshold rule for
noise canceling. Cross-correlation between the transmitted
signal and the de-noised signal can disclose the TOF very
well for estimating damage locations. The application of the
proposed method is demonstrated by experiments.
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