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Summary
Prior to an effective interpretation of AE signals in noisy nuclear environment, it is necessary to define an appro-
priate strategy for detecting structural changes and denoising signals, according to the stochastic behavior of the
noise and its level. The ability and efficiency of various methods are studied here. One conclusion of this work
is that there is no absolute method which is efficient regardless the type of noise and its level. In a high SNR
context, the continuous wavelet transform method is the best tool for analysis of the signal structure, whatever
the type of noise. On the contrary, in low SNR context, the detectability of the AE events strongly depends on
the type of noise. For denoising problem, the spectral subtraction and the singular spectrum analysis methods
are robust to changes in the stochastic behavior of noise. However, the spectral subtraction has a higher SNR
improvement potential. We suggest that each selected method can be combined with the other ones in order to
further improve the denoising efficiency and to get excellent results regardless the type of noise. The impact of
the different selected denoising methods on some classical AE parameters shows that, whatever the type of noise
and the denoising method, AE parameters associated with the waveform are better restored than those associated
with the acoustic activity and the frequency content.

PACS no. 43.60.-c

Introduction

Several non-destructive methods are used in nuclear in-
dustry to inspect the reactors and to get information on
the behavior of some of their specific components. Among
them, the acoustic emission (AE) technique is a power-
ful tool which has the advantage of being simple to adapt
to nuclear-oriented purposes. In nuclear industry, it has
thus been used mainly to monitor the pressure vessels and
the primary circuit [1, 2, 3, 4, 5]. More recently, it has
been used to monitor the compaction of nuclear fuel pow-
ders [6, 7] as well. Whatever the non-destructive testing
method, one of the trickiest tasks is the effective interpre-
tation and exploitation of the received information. This is
even more important for AE testing. The received infor-
mation is composed of numerous transient signals result-
ing from wave propagation generated by unknown source
mechanisms of interest, and potentially corrupted by sev-
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eral parameters among which the choice and the settings of
the AE acquisition system [8, 9], the environmental noise
and the wave propagation path in the structure. From a
mathematical point of view, if the environmental noise n
is assumed to be additive, the received AE signal x can be
written as

x(t) = h1 ∗ h2 ∗ s(t) + n(t), t ∈ 1, . . . ,N , (1)

where h1 and h2 correspond to the impact of the struc-
ture and the acquisition system, respectively, s being the
signal associated with the physical source mechanism of
interest and t the time. One of the key problems of a AE
testing process being the estimation of the source signal s,
the functions h1, h2 and n have to be studied in order to
be properly removed from the recorded signal x. In gen-
eral, h2 is obtained from the calibration tests of the acquisi-
tion system and deconvolution is then sufficient to remove
its potential impact on x [10]. On the contrary, evaluating
h1 is quite tricky, and in complex environments numeri-
cal simulations of wave propagation can be of help. Since
ways of evaluation of h1 and h2 are beyond the scope of
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the paper of interest here, we will assume hereafter that
these functions are known. Therefore, in this case, being
able to evaluate and cope with the environmental noise n
is the last crucial step for an effective interpretation and
exploitation of the received information, and Eq. (1) can
be simplified as

x(t) = s(t) + n(t), t ∈ 1, . . . ,N . (2)

The environment of industrial reactors is very noisy and
the potential sources of n are numerous. Furthermore, in
the case of research reactors the experimental protocol
must be taken into account as well. Therefore, it is usual to
observe fluctuations in the noise level and/or its stochas-
tic behavior, which has an impact on the recorded sig-
nals. Indeed, depending on its type, noise can introduce,
for instance, undulations which modify the signal enve-
lope and distort some AE parameters. When the noise level
is constant and remains below a given threshold, classi-
cal thresholding is sufficient to identify the segments of x
which are associated with AE events, and then with po-
tential physical source mechanisms of interest. However,
if the noise level varies and exceeds the chosen thresh-
old, acoustic events associated with low energetic source
mechanisms cannot be detected. More sophisticated meth-
ods for structural change detection are therefore necessary
to denoise acoustic signals. As a matter of fact, denois-
ing the received signal prior to identifying the associated
source mechanism is highly recommended, even in high
signal-to-noise ratio (SNR) context.

Detection of structural changes and signal denoising
are widely studied in signal processing literature. The dif-
ferent methods used can be classified following several
philosophies [11, 12, 13, 14]. For instance, Barat et al.
[12] suggest a classification of AE filtering methods ac-
cording to the type of noise and the complexity of the
method implementation. Different approaches, from tra-
ditional frequency filtering to principal component meth-
ods of noise filtering, are thus presented. For our purpose,
we shall adopt here the same philosophy and consider
some time domain, frequency domain and time-frequency
decomposition-based methods of interest. Our work goes
beyond the straightforward application of these methods
to our topic. We compare their potential for SNR improve-
ment. In addition, we want to improve the global perfor-
mance of each method, possibly not adapted to process
a given type of noise, by wisely combining this method
with other ones. The interest lies in the fact that, taken
alone or applied jointly with some others, a chosen method
could cope with all the potential problems of detection of
structural changes and signal denoising in nuclear context.
Therefore, the goal of our work is twofold. We want to de-
fine efficient strategies for detecting the structural changes
and denoising AE signals, whatever the type and level of
noise encountered in nuclear safety experiments. In addi-
tion, we want to evaluate the impact of denoising methods
on typical and widely used AE parameters. We keep in
mind that some of them might be crucial for an efficient

subsequent identification of the physical source mecha-
nisms associated with the recorded acoustic events. There-
fore, they must be preserved as much as possible.

The paper is then organized as follows. In Section 1,
we present the nuclear safety experimentations, and more
specifically the typical signals recorded and the main types
of noise observed during experiments. Section 2 briefly re-
views the methods of interest (namely, the spectral sub-
traction and the short Fourier transform, the singular spec-
trum analysis, and the wavelet transforms). For each one,
we mention the application domain and the level of the
implementation complexity. Detection of the structural
changes of the signals, according to the type and level of
noise, is studied in Section 3. Section 4 is devoted to the
signal denoising. We compare the efficiency of the selected
methods for SNR improvement. Their impact on the AE
parameters is also investigated. Finally, results obtained
permit us to suggest efficient strategies for handling noisy
AE signals whatever the context.

1. Experimental data and potential types of
noise in nuclear environments

The experimental data of interest here have been collected
during different Reactivity Initiated Accidents (RIA) ex-
periments performed at the French Atomic Energy Com-
mission (CEA) research center of Cadarache in southern
France. RIA is a nuclear reactor accident which may dam-
age the reactor core, and in severe cases, even lead to dis-
ruption of the reactor. It involves an unwanted increase in
fission rate and reactor power. This power excursion may
lead to failure of the fuel rods and release of radioactive
material into the primary reactor coolant. This material
comprises gaseous fission products as well as fuel pel-
let solid fragments. In severe cases, the fuel rods may be
shattered, and large parts of the fuel pellet inventory dis-
persed into the coolant. The expulsion of hot fuel into wa-
ter has potential to cause rapid steam generation and pres-
sure pulses, which could damage nearby fuel assemblies,
other core components, and possibly also the reactor ves-
sel [15].

The RIA experiments are performed in an open pool-
type research reactor composed of a driver core made of
a thousand of UO2 rods and specially designed to support
an injection of reactivity. The reactor includes an exper-
imental loop specially designed to receive, in the center
of the driver core, the instrumented test device housing
the fuel rod to be tested. This test device corresponds to
a stratified medium with different types of fine layers of
few millimeters, from the fuel rod of UO2 to the external
layer of Zircaloy (cf. Figures 1 and 2). The test device is
equipped with several sensors (including two piezoelectric
AE sensors) to control the experiment and to characterize
the behavior of the fuel rod during the power burst. The
AE sensors are made of lithium niobate cristal with a pass-
band of 5–400 kHz and designed to work in nuclear harsh
environment up to 600 degrees Celsius. They are located
at the top and the bottom of the fuel rod, respectively, and
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Sensor 2

Sensor 1

2 m2 m

Figure 1. Sketch of the
RIA experimental reactor
and the test device con-
taining the fuel sample.

Uranium
Zircaloye
Sodium
Xenon
Molybdenum
Niobium
Zirconium

Uranium
Zircaloye
Sodium
Xenon
Molybdenum
Niobium
Zirconium

Uranium
Zircaloye
Sodium
Xenon
Molybdenum
Niobium
Zirconium

Uranium
Zircaloye
Sodium
Xenon
Molybdenum
Niobium
Zirconium

Uranium
Zircaloye
Sodium
Xenon
Molybdenum
Niobium
Zirconium

Uranium
Zircaloye
Sodium
Xenon
Molybdenum
Niobium
Zirconium

Uranium
Zircaloye
Sodium
Xenon
Molybdenum
Niobium
Zirconium

Uranium
Zircaloye
Sodium
Xenon
Molybdenum
Niobium
Zirconium

Uranium
Zircaloye
Sodium
Xenon
Molybdenum
Niobium
Zirconium

Figure 2. Radial section of the test device at z = 0 illustrating the
different types of media involved. Note that the number and the
type of the layers can change depending on the position on the
z − axis and that the scale of the illustration is not real although
representative.

are distant of 2 m (Figure 1). A (40 dB) preamplifier is
associated with each sensor. The sampling rate is 2.5 µs.

Among the acoustic events detected by the two sensors
during RIA experiments, some are generated by the above-
mentioned direct consequences of these severe problems
(e.g., failures of the fuel rods, fuel ejections, gas leakages
and fuel/clad interaction); others are suspected to be gen-
erated by source mechanisms not yet well identified. Since
one of the challenging goal, when using AE technique, is
to detect all the events in an efficient way, no strong as-
sumption on the nature of the physical source mechanisms
is made hereafter.

After each experiment, a post-processing of the
recorded signals is performed to detect the events of inter-
est from the whole experimental signal [16]. Since 1993,
fourteen RIA experiments have been performed and 168
acoustic events have been detected. For illustration pur-

Figure 3. Acoustic events selected for illustration purposes. Some
classical AE parameters associated with them are depicted in Ta-
ble I.

poses of our work, we have selected only six events which
are supposed to be free from the impacts of h1, h2 and n
and to correspond exactly to the source s. According to
their waveforms (Figure 3) and spectra (Figure 4), these
six events are probably associated with six different types
of source mechanisms. They have been concatenated in
order to form an illustrative source signal s (Figure 6).
In addition, three main types of noise have been observed
during the fourteen nuclear safety experiments : a classical
gaussian white noise characterized by its very wide-band
spectrum (Figure 5a), an electric noise (Figure 5b), and a
mixed noise (Figure 5c) mainly composed of a very low-
frequency component (characterized by undulation) and a
very high-frequency component corresponding to the res-
onance of the test device. We also consider a fourth type
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Figure 4. Spectra associated with the six events presented in Fig-
ure 3.

of noise artificially created by summing the three previous
ones (Figure 5d). This noise corresponds to a very com-
plex one which is rarely encountered in practice, but is of
interest for illustration purposes of our work.

2. Review of some methods for detecting
structural changes and denoising

Since noise level and noise behavior are of various types
(random, deterministic, stationary,. . . ) in industrial reac-
tor environment, we briefly review different methods, with
specific assumptions on the noise properties, which are
relevant to detect structural changes and denoise signals.
Besides a brief recall on their specific mathematical for-
mulation which helps understanding the results presented
in the subsequent section, we focus on the practical key
points which have to be taken into account when using
each method.

2.1. Short-time Fourier transform and Spectral sub-
traction

2.1.1. Short-Time Fourier Transform

The short-time Fourier transform is a time-frequency
method allowing to analyze the structure of a signal, and
then to detect the structural changes. It consists in divid-
ing the received signal x into several blocks (also called
segments) of equal length, and then computing the Fourier
transform separately for each shorter segment,

STFT(n, m) =
N−1

k=0

x(k) w(n − k) e−j2πkm/N ,

where w(β) is the window function of length β (usually a
hanning window).

The window length determines the time-frequency res-
olution of the STFT. Decreasing (respectively, increasing)
this length implies a decrease (respectively, increase) in
the frequency resolution and an increase (respectively, de-
crease) in the time resolution [11].

(a)

(b)

(c)

(d)

Figure 5. Selected types of noise and associated spectra. (a) sim-
ulated gaussian white noise, (b) electric noise, (c) mixed noise
recorded during a nuclear safety experiment, and (d) sum of all
types of noise.

Figure 6. Source signal s corresponding to the concatenation of
the six events presented in Figure 3.

2.1.2. Spectral Subtraction (SS)

Introduced by Boll in 1979 [17] and widely used for
speech enhancement works [18, 19], the SS has proved
good ability in denoising AE signals in some recent works
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Table I. Some classical AE parameters of the six hits computed from the noise-free signal.

hit_1 hit_2 hit_3 hit_4 hit_5 hit_6

Envelopes correlation 1.00 1.00 1.00 1.00 1.00 1.00
Kullback-Leiber distance 0.00 0.00 0.00 0.00 0.00 0.00
Absolute energy (MV) 12.05 1458.37 59.30 4224.40 31.68 81.15
Amplitude (V) 4.55 23.88 10.82 19.89 9.39 19.43
Count 1135.00 842.00 1186.00 250.00 204.00 3841.00
Mean frequency (kHz) 43.65 46.75 43.90 147.93 40.80 87.29
Rise Time (ms) 6.84 1.20 18.31 0.34 1.27 5.82
Count to pic 306.00 51.00 797.00 58.00 51.00 129.00

Table II. Some classical AE parameters of the six hits computed from the signal denoised by SS in the case of a gaussian white noise.

hit_1 hit_2 hit_3 hit_4 hit_5 hit_6

Envelopes correlation 0.59 0.99 0.96 0.85 0.94 0.97
Kullback-Leiber distance 8.46 0.44 2.26 1.17 1.69 0.88
Absolute energy (MV) 4.25 696.55 15.37 1439.10 19.29 51.80
Amplitude (V) -7.39 21.35 3.58 18.79 5.93 18.68
Count 3317.00 1843.00 3136.00 250.00 608.00 5687.00
Mean frequency (kHz) 127.58 102.33 116.07 147.93 121.60 129.24
Rise Time (ms) 8.24 1.25 18.31 0.32 1.27 5.82
Count to pic 1071.00 148.00 2064.00 53.00 157.00 788.00

Table III. Some classical AE parameters of the six hits computed from the signal denoised by wavelet shrinkage in the case of a gaussian
white noise.

hit_1 hit_2 hit_3 hit_4 hit_5 hit_6

Envelopes correlation 0.83 0.99 0.89 0.99 0.87 0.94
Kullback-Leiber distance 1.43 0.15 1.01 0.14 0.46 0.53
Absolute energy (MV) 0.03 585.47 2.40 1787.42 5.24 44.15
Amplitude (V) -10.95 22.77 3.46 17.23 4.69 19.66
Count 128.00 475.00 384.00 235.00 34.00 333.00
Mean frequency (kHz) 4.92 26.37 14.21 139.05 6.80 7.57
Rise Time (ms) 5.64 1.20 16.62 0.34 1.27 6.04
Count to pic 44.00 14.00 190.00 54.00 5.00 56.00

[20, 21]. It is based on a fundamental assumption: noise is
a stationary or slowly varying process, and an estimator n̂
of noise n is available.

If we denote by X, S, and N the Fourier transforms of
x, s, and n respectively, the SS estimates the spectrum S
of the source signal through

Ŝ(f ) = X(f ) − α N̂ (f ) e iθx(f ), (3)

where θx(f ) is the phase of the received signal at the fre-
quency f , and α is an over-subtraction parameter allow-
ing to amplify the noise energy. The main difficulty in
applying the SS lies in the existence of waveform distor-
tions introduced by the estimation errors due to the ran-
dom variations of noise. One of the major sources for
these distortions is the negative or small-valued spectral
estimates of the source signal (see [22], chap.9). Among
several approaches proposed by Boll, the half-wave recti-
fication is widely used in order to cope with such a limita-
tion of the SS. It consists in replacing Ŝ(f ) by zero when
α|N̂ (f )| > |X(f )|.

From a practical point of view, implementation of the
SS first consists in dividing the received signal into a cer-
tain number of overlapping blocks. The SS is then applied
on each block in order to estimate the spectrum of the as-
sociated source signal, which is transformed back to the
time domain by an inverse Fourier transform. Each signal
block is then overlapped and added to the preceeding and
succeeding blocks to form the final output. Note that the
choice of the block length for spectral analysis is a trade-
off between conflicting requirements to both the time res-
olution and the spectral resolution. Therefore, a special at-
tention has to be paid to it (see [22] chap.9, and [21]).

2.2. Singular Spectrum Analysis (SSA)

The main purpose of SSA is to decompose the received
signal x into a sum of a small number of independent sig-
nals representing components of interest and noise. The
SSA technique consists of two complementary stages: de-
composition and reconstruction, each of them including
two separate steps. Here we summarize the different stages
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Table IV. Some classical AE parameters of the six hits computed from the signal denoised by the SSA in the case of a gaussian white
noise.

hit_1 hit_2 hit_3 hit_4 hit_5 hit_6

Envelopes correlation 0.93 1.00 0.94 0.71 0.96 0.98
Kullback-Leiber distance 2.42 1.30 0.78 3.05 2.36 4.23
Absolute energy (MV) 19.73 1103.87 73.60 873.82 59.61 91.26
Amplitude (V) 2.75 20.88 10.01 14.16 7.46 17.76
Count 2775.00 1443.00 2585.00 259.00 543.00 4740.00
Mean frequency (kHz) 106.73 80.12 95.68 153.25 108.60 107.72
Rise Time (ms) 5.64 2.21 18.31 0.40 1.29 6.04
Count to pic 605.00 182.00 1774.00 61.00 144.00 678.00

Table V. Some classical AE parameters of the six hits computed from the signal denoised by SS in the case of an electric noise.

hit_1 hit_2 hit_3 hit_4 hit_5 hit_6

Envelopes correlation 1.00 1.00 1.00 0.72 1.00 0.99
Kullback-Leiber distance 0.17 0.27 0.11 1.05 0.06 0.76
Absolute energy (MV) 9.52 1210.93 51.50 1021.68 26.15 89.67
Amplitude (V) 2.36 23.34 10.53 15.92 8.42 21.65
Count 2098.00 885.00 1599.00 242.00 505.00 5004.00
Mean frequency (kHz) 80.69 49.14 59.18 143.20 101.00 113.72
Rise Time (ms) 5.64 1.20 16.62 0.72 1.27 5.82
Count to pic 289.00 92.00 942.00 108.00 63.00 952.00

Table VI. Some classical AE parameters of the six hits computed from the signal denoised by wavelet shrinkage in the case of an
electric noise.

hit_1 hit_2 hit_3 hit_4 hit_5 hit_6

Envelopes correlation 0.89 1.00 0.99 0.99 0.73 1.00
Kullback-Leiber distance 14.20 0.17 6.32 0.03 11.16 1.47
Absolute energy (MV) 122.04 1538.93 166.45 4136.92 141.59 270.79
Amplitude (V) 12.62 23.85 13.99 19.84 13.04 22.46
Count 1571.00 971.00 1515.00 250.00 309.00 4455.00
Mean frequency (kHz) 60.42 53.91 56.07 147.93 61.80 101.24
Rise Time (ms) 4.43 1.20 17.43 0.34 1.22 5.82
Count to pic 242.00 64.00 976.00 58.00 69.00 439.00

of the decomposition. The reader is referred to [23] for a
more comprehensive description of the method.

Decomposition stage The first step of the decomposi-
tion is embedding. It consists in transforming the one-
dimensional signal x into the multidimensional signal
(X1, . . . , XK ), where Xi = (xi, . . . , xi+L−1)T ∈ RL and
K = N −L+ 1. The vectors, called L-lagged vectors, are
grouped into the trajectory matrix

X = X1, . . . , XK = (xij)
L,K
i,j=1.

In the second step of the decomposition stage, a singu-
lar value decomposition (SVD) of the trajectory matrix
is performed. Denote by λ1, . . . , λL the eigenvalues of
the matrix XXT sorted in decreasing order of magnitude
(λ1 ≥ λ2 ≥ . . . λL ≥ 0), and by U1, . . . , UL the or-
thonormal system of the associated eigenvectors. Let d =
max{i such that λi > 0}. If we consider Vi = XTUi/ λi,
the SVD of the trajectory matrixX can be then represented
as a sum of rank-one bi-orthogonal elementary matrices

Xi =
√
λiUiV

T
i such that

X = X1 + · · · + Xd.

The collection (λi, Ui, Vi) is called the ith eigentriple of the
SVD.

Reconstruction Stage The reconstruction stage consists
in partitioning the set of indices {1, . . . , d} into several
groups, and then in summing the matrices within each
group. Considering the group I = {i1, . . . , ip} and the as-
sociated matrix XI defined as XI = Xi1 , . . . ,Xip , splitting
the set of indices {I1, . . . , Im} leads to the decomposition

X = XI1 + · · · + XIm.

The procedure for choosing the set {I1, . . . , Im} is called
the eigentriple grouping. Finally, the last step of SSA
transforms each matrix resulting from the grouping stage
into a new signal x̃(k) of the same length N as the initial
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Table VII. Some classical AE parameters of the six hits computed from the signal denoised by the SSA in the case of an electric noise.

hit_1 hit_2 hit_3 hit_4 hit_5 hit_6

Envelopes correlation 0.94 1.00 0.99 0.73 0.94 0.99
Kullback-Leiber distance 5.52 1.13 1.33 3.27 3.89 3.78
Absolute energy (MV) 12.23 1004.00 57.65 285.99 36.46 67.12
Amplitude (V) 3.70 20.78 10.23 10.95 6.76 16.93
Count 2936.00 1618.00 2716.00 222.00 581.00 5235.00
Mean frequency (kHz) 112.92 89.84 100.53 131.36 116.20 118.97
Rise Time (ms) 8.58 1.20 18.31 0.26 1.27 6.04
Count to pic 969.00 121.00 1807.00 34.00 146.00 707.00

Table VIII. Some classical AE parameters of the six hits computed from the signal denoised by the SS in the case of a mixed noise.

hit_1 hit_2 hit_3 hit_4 hit_5 hit_6

Envelopes correlation 0.92 1.00 0.98 0.84 0.96 0.98
Kullback-Leiber distance 2.19 0.35 0.95 1.17 0.33 0.82
Absolute energy (MV) 0.70 886.31 14.32 1471.88 15.86 55.40
Amplitude (V) -7.23 21.97 5.53 18.34 6.97 19.76
Count 2542.00 1199.00 2188.00 244.00 428.00 5131.00
Mean frequency (kHz) 97.77 66.57 80.98 144.38 85.60 116.61
Rise Time (ms) 6.42 1.20 18.31 0.30 1.27 6.04
Count to pic 525.00 141.00 1506.00 45.00 105.00 685.00

Table IX. Some classical AE parameters of the six hits computed from the signal denoised by wavelet shrinkage in the case of a mixed
noise.

hit_1 hit_2 hit_3 hit_4 hit_5 hit_6

Envelopes correlation 0.04 0.98 0.69 0.99 0.80 0.92
Kullback-Leiber distance 25.93 0.23 14.68 0.16 8.29 1.46
Absolute energy (MV) 4.24 613.75 6.80 1979.55 9.07 50.51
Amplitude (V) -7.75 22.47 5.37 18.29 5.98 19.63
Count 85.00 396.00 244.00 232.00 16.00 283.00
Mean frequency (kHz) 3.27 21.99 9.03 137.28 3.20 6.43
Rise Time (ms) 6.51 1.20 18.31 0.34 1.27 6.04
Count to pic 37.00 11.00 180.00 54.00 5.00 56.00

signal x such that

xt =
m

k=1

x̃
(k)
t .

Note that two crucial parameters have to be taken into
account in SSA implementation. The choice of the win-
dow length L (2 ≤ L ≤ N) determines the quality of
the decomposition, and the separability between the re-
constructed signals allows to evaluate the effectiveness of
the processing. In the case of AE signal denoising for ex-
ample, a good separation of the estimated source signal ŝ
from the estimated noise n̂ is expected.

2.2.1. Detection of structural changes by SSA
The detection of structural changes is based on the as-
sumption that pure noise segments of the received signal
x are governed by a linear recurrent formulae (LRF) (see
[23], chap.3 and 5). The violations of this property cor-
respond to structural changes and then to segments asso-
ciated to a potential source mechanism. From a practical

point of view, the structural changes are detected by using
the heterogeneity matrix (H-matrix). The rows of this ma-
trix can be described as the homogeneity of x relatively to
a fixed segment (see [23], chap.3 and 5).

2.2.2. SSA denoising
According to the type of noise, different denoising strate-
gies have been proposed in [24]. In the case of a noise with
a narrowband spectrum, a direct SSA applied with the cor-
rect grouping strategy of the eigenvectors leads to excel-
lent results. For a more complex noise, a two-step denois-
ing method has been proposed. In the first step, a function
for the detection of structural changes is created by using
the H-matrix. This function is then applied to the corrupted
signal in order to get a pre-processed signal. The second
step consists in applying a SSA of the pre-processed signal
in order to obtain the final estimator of the source signal.

2.3. Wavelet transforms

Development of wavelet transforms over the last two
decades has revolutionized modern signal and image pro-
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Table X. Some classical AE parameters of the six hits computed from the signal denoised by SSA in the case of a mixed noise.

hit_1 hit_2 hit_3 hit_4 hit_5 hit_6

Envelopes correlation 0.95 0.99 0.98 0.83 0.93 0.97
Kullback-Leiber distance 3.70 1.62 1.40 2.76 2.48 4.95
Absolute energy (MV) 12.75 915.26 56.67 572.11 38.11 68.01
Amplitude (V) 2.96 20.06 9.14 14.44 7.72 16.48
Count 2886.00 1638.00 2749.00 246.00 568.00 5287.00
Mean frequency (kHz) 111.00 90.95 101.75 145.56 113.60 120.15
Rise Time (ms) 4.76 1.22 18.31 0.26 1.27 6.19
Count to pic 537.00 115.00 1837.00 37.00 139.00 748.00

Table XI. Some classical AE parameters of the six hits computed from the signal denoised by SS in the case of the sum of all types of
noise.

hit_1 hit_2 hit_3 hit_4 hit_5 hit_6

Envelopes correlation 0.68 1.00 0.95 0.58 0.89 0.97
Kullback-Leiber distance 6.91 0.41 1.26 1.06 2.69 0.87
Absolute energy (MV) 1.25 756.56 13.39 717.59 3.41 41.96
Amplitude (V) -8.67 22.08 4.17 12.68 -3.69 18.96
Count 3305.00 1617.00 2958.00 254.00 606.00 5567.00
Mean frequency (kHz) 127.12 89.78 109.48 150.30 121.20 126.52
Rise Time (ms) 4.89 1.20 18.31 0.72 1.27 6.04
Count to pic 629.00 128.00 1987.00 115.00 125.00 816.00

cessing, especially in the field of signal denoising [13].
Wavelet transforms are used for both detection of struc-
tural changes and denoising.

2.3.1. Detection of structural changes by wavelet trans-
form

A wavelet transform of x is a multiresolution decomposi-
tion of x which allows to display and analyze the charac-
teristics of x dependent on time and scale. Given a mother
wavelet ψ (t), the continuous wavelet transform (CWT) of
the signal x is a two-variable function defined by

CW T (a, b) =
1√
a

∞

−∞
ψ

t − b

a
x(t) dt,

where a is the scale or dilation parameter corresponding
to the frequency, and b the translation parameter related
to the location of the wavelet function. CW T (a, b) is the
correlation between the signal x(t) and the son wavelet
ψa,b(t). The discrete wavelet transform (DWT) is a sam-
pled version of the CWT computed by replacing a, b ∈ R
by a discrete grid

a = 2−j, b = k2−j, j, k ∈ Z.

For more details on the computational aspects of the CWT
and the DWT, the reader can refer to [25, 26, 27]. In
practice, the key points to take into account when using
a wavelet transform are the choice of the mother wavelet
and the scale parameter (or resolution level). The mother
wavelet should be chosen such that it is able to well char-
acterize the signal. This can be decided according to the
correlation between the wavelet and the signal. The choice

of the resolution level depends on the complexity of the an-
alyzed signal. When the structure of the signal x becomes
more and more complex, one needs to use increasing order
levels in order to isolate its fine details.

2.3.2. Wavelet denoising

Most of wavelet-denoising methods proposed in the liter-
ature are based on a thresholding approach which uses the
orthogonality property of the son wavelets in order to de-
compose the received signal at the level j and the index k
as (see [13])

xjk = sjk + njk,

where the noise n is supposed to be random. As the coeffi-
cients of wavelets are usually sparse for the source sig-
nal s, the denoising problem associated with Eq.(2) re-
duces to recovering the coefficients of s which are rela-
tively stronger than those related to the random noise n
(see [13] and [27],chap.10). This is done by thresholding
(i.e. by defining a function which makes it possible to de-
cide whether or not a given coefficient is associated with
the noise).

In practice, two important points, however not enough
addressed in the literature, are the choice of the mother
wavelet and the choice of the desired number of resolu-
tion level. The wavelet should be chosen according to the
same process as for the case of the detection of structural
changes presented above. The choice of the number of the
decomposition level is trickier, since it depends on several
factors among which the most important is the noise be-
havior. In the case of noticeable noise, for example, one
may need increasing order levels in order to get the fine
details of the signal [13].
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Table XII. Some classical AE parameters of the six hits computed from the signal denoised by wavelet shrinkage in the case of the sum
of all types of noise.

hit_1 hit_2 hit_3 hit_4 hit_5 hit_6

Envelopes correlation 0.44 0.99 0.89 0.99 0.86 0.94
Kullback-Leiber distance 14.39 0.13 2.78 0.12 1.96 0.49
Absolute energy (MV) 1.42 645.63 4.15 1961.79 6.93 50.05
Amplitude (V) -2.69 22.71 4.89 18.22 5.45 20.32
Count 511.00 603.00 726.00 240.00 110.00 934.00
Mean frequency (kHz) 19.65 33.48 26.87 142.01 22.00 21.23
Rise Time (ms) 12.97 1.20 18.31 0.34 1.27 6.04
Count to pic 292.00 31.00 492.00 56.00 34.00 145.00

Table XIII. Some classical AE parameters of the six hits computed from the signal denoised by SSA in the case of the sum of all types
of noise.

hit_1 hit_2 hit_3 hit_4 hit_5 hit_6

Envelopes correlation 0.94 0.99 0.96 0.75 0.92 0.89
Kullback-Leiber distance 8.72 1.63 2.99 1.95 6.27 4.85
Absolute energy (MV) 18.24 1025.53 68.00 820.34 51.70 53.53
Amplitude (V) 3.37 20.48 9.54 13.35 7.16 17.01
Count 3418.00 1941.00 3371.00 262.00 681.00 5493.00
Mean frequency (kHz) 131.46 107.77 124.77 155.03 136.20 124.83
Rise Time (ms) 6.78 1.20 16.62 0.22 1.27 6.04
Count to pic 928.00 116.00 2070.00 39.00 164.00 826.00

3. Detection of structural changes

Two types of SNR context must be considered here.
In a high SNR context, a simple thresholding (i.e. using

a threshold equal or slightly above the level of the noise)
would be sufficient to detect the structural changes asso-
ciated with the hits having a significant energy. However,
as depicted in Figure 7a, detecting by thresholding the low
energetic hits is quite challenging. In order to get detailed
information about the different hits and to analyze the rela-
tionships between them, some of the methods presented in
Section 2 are then advisable. In a high SNR context (e.g.
10 dB of SNR), all the methods proposed for the detec-
tion of structural changes allow to detect the six hits, re-
gardless the type of noise (Figure 7). However, for a finer
analysis of the structure of x, the CWT is a better tool than
the STFT. The SSA can be used as a complementary tool
to the CWT. Indeed, according to the chosen strategy of
construction of the H-matrix, one can explore if the dif-
ferent segments of x exhibit a chosen information and at
which level they are correlated according to this informa-
tion (see [24]).

In a very low SNR context (e.g. −10 dB of SNR), the
thresholding becomes totally inefficient. Then, sophisti-
cated methods such as those presented in Section 2 be-
come necessary in order to cope with the detection prob-
lem. However, the detectability of the hits depends on the
type of noise. The most challenging situation corresponds
to noises with a very wide-band spectrum (e.g. gaussian
noises). In these cases, the H-matrix has the best potential
for hit detection (Figure 8). This is mainly due to the flexi-
bility of the SSA for selecting the linear spaces which span

the base subsignals (see [24]). When the noise has its en-
ergy concentrated in a specific frequency band (e.g. elec-
tric noise or mixed noise), the best method for the struc-
tural analysis remains the CWT.

4. Denoising

When the SNR is low enough that the detection of struc-
tural changes may be a difficult task, or when the experi-
mentalists are interested in the identification of the physi-
cal phenomena associated with AE events, it becomes nec-
essary to first denoise the AE signals in order to get more
effectiveness in the result interpretation. Barat et al [12]
have proposed different signal processing methods which
can be applied more or less successfully according to the
type of noise. Here, we test the different methods pre-
sented in Section 2 for denoising signals corrupted by the
different types of noise of interest (Figure 5). These meth-
ods are applied alone or jointly in order to improve their
performances.

4.1. Comparative study of the selected methods

Considering the SNR improvement ratios reported in Ta-
ble XIV, the qualitative evaluation based on the whole ex-
perimental signal shows that the SS and the SSA methods
are robust to changes in the stochastic behavior of noise.
However, the SS has higher SNR improvement ratios.
This can be easily explained theoretically. Indeed, the SS
method uses the physical hypothesis of the availability of
an estimator n̂ of the noise n, whereas the wavelet shrink-
age method needs a random noise and the SSA method a
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(a)

(b)

(c)

(d)

Figure 7. Detection of the structural changes in high SNR con-
text (10 dB), in the case of the source signal corrupted by an
electric noise (a), by using the STFT with a hanning window
of length β = 512 (b), the CWT with a morlet wavelet (c),
and the H-matrix with B = 300, T = 3000, L = 100 and
L(1)

r = span(U1
1 , . . . , U

30
1 ) (d). See [24] for details about the H-

matrix parameters.

good separability between the source signal and the noise.
Therefore, if n̂ correctly estimates n, as it is the case here,
the SS method provides the most robust results. However,

(a)

(b)

(c)

(d)

Figure 8. Detection of the structural changes in low SNR context
(−10 dB), in the case of the noise-free experimental signal cor-
rupted by a gaussian white noise (a), by using the STFT with a
hanning window of length β = 256 (b), the CWT with a morlet
wavelet (c), and the H-matrix with B = 300, T = 3000, L = 100
L(1)

r = span{U1
i , max(|FT (U1

i )|) ∈ [40, 60] kHz} (d). See [24]
for details about the H-matrix parameters.

we also observe that the SS method always presents some
residual noises, whatever the type of noise (Figure 10a).

It is well known that the wavelet shrinkage method gives
excellent results in the case of a gaussian white noise.
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Table XIV. SNR improvement ratios as a function of the type of
noise and the denoising method. Global SNR for x is 5 dB. Ratios
are calculated using: ratio = (SNRoutput − SNRinput/(SNRinput).
W.s.: Wavelets shrinkage.

SS W.s. SSA

Gaussian noise 3.52 9.31 3.42
Electric noise 5.73 1.62 4.00
Mixed noise 6.68 3.42 3.50
Sum of all the types noises 4.63 4.49 3.36

Therefore, it should be preferred to other methods in this
case. However, when some noise components are deter-
ministic (e.g. electric noise, mixed noise...), the wavelet
shrinkage method can be fully inefficient (Fig 9) or keeps
some strong noise residuals (Figure 10b). As a conse-
quence, an additional method should be combined with
the wavelet shrinkage method in order to efficiently pre-
process the signal s.

The results of the SSA method are globally slightly
worse than those of the SS and wavelet shrinkage meth-
ods. However, as concluded in [24], the SSA method has
a great interest since it becomes an excellent denoising
method once the separability problem solved. A new strat-
egy to do this is proposed in the following.

4.2. Impact of the selected methods on the AE pa-
rameters

For an effective interpretation of the denoised signals, it
is of major interest to have an a priori knowledge about
the potential bias, introduced by a selected method, on the
identification of the source mechanisms. We then compare
some classically used AE parameters computed from the
noise-free events (Figure 3 and Table I) with those com-
puted from the signals denoised using the different se-
lected methods, and for the different types of noise un-
der consideration in this paper (Tables II–XIII). We note
that whatever the type of noise and the denoising method
used, the AE parameters associated with the waveform are
better restored than those associated with the acoustic ac-
tivity and the frequency content. Indeed, the envelope, the
rise time, and the amplitude of the hits associated with the
denoised signals are close to those of the noise-free hits
in all cases. On the contrary, the estimations of the count,
of the mean frequency, and of the count-to-peak exhibit
significant bias in comparison with those of the noise-free
hits. However, the latter result must be moderated by the
fact that the global shape of the spectra of the signals as-
sociated with the source mechanisms of interest is well
restored in the case of optimal use conditions for the de-
noising method (e.g. the wavelet shrinkage method in the
case of a gaussian white noise, or the SS method in the
case of an electric noise), since the Kullback-Leiber dis-
tances are small. Furthermore, the results also show that,
except for the case of the electric noise for which the result
of the wavelet shrinkage method is obviously inefficient,
there is no clear hierarchy between the different methods

(a)

(b)

(c)

(d)

Figure 9. Signal denoising result (estimation of s) in the case of
an electric noise with an initial SNR of 5 dB. (a) noisy signal
x, (b) SS denoising result with an overlapping window length of
512 and an over-subtraction parameter α = 4, (c) wavelet shrink-
age result with a soft thresholding with a sureShrink function,
(d) two-step SSA denoising result with B = 300, T = 2000,
L = 100 and L(1)

r = span(U1
1 , . . . , U

10
1 ) in the first step; and

L = 500 in the second step See [24] for details about the H-
matrix parameters.
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(a)

(b)

Figure 10. Residual noises resulting from the application of the
SS method for a gaussian white noise context (a), and from the
application of the wavelet shrinkage method for the case of the
sum of all types of noises (b).

in terms of ability to restore the noise-free signal wave-
form and frequency characteristics. As a consequence, the
SNR improvement ratio remains the most efficient crite-
rion when choosing a denoising method.

(a)

(b)

Figure 11. Illustration of the removing of the residual noise by
combining (a) the frequency-selective filtering and the wavelet
shrinkage in mixed noise context and (b) the SS and the wavelet
shrinkage in the case of the sum of all types of noise. The residual
noise is indicated in red and the improvement result in blue.

4.3. Combining different methods to improve de-
noising

When the residual noise or its spectrum clearly highlights
a lack of efficiency of the selected denoising method to re-
move some deterministic noise components (Figure 10), it
is necessary to go ahead with the noise processing. Com-
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(a)

(b)

Figure 12. Illustration of the SSA improvement by combination
with the SS method : (a) spectrogram of the result of the two-step
SSA denoising, (b) superposition of the function of detection of
structural changes and the noisy signal, (c) denoised signal (to be
compared with Figure 9d) and (d) spectrogram of the denoised
signal.

bining the selected method with other ones is then an effi-
cient procedure to get excellent denoising results.

Let us first consider the wavelet shrinkage method.
When the residual noise spectrum is mainly narrow-band,
several approaches can be used in order to reduce its im-

pact, the simplest one being to use a frequency selective
filter [28, 29] in order to remove the deterministic compo-
nent prior to the wavelet shrinkage (Figure 11a). A DWT
and a SSA decomposition can also be used in order to get
the same results. For a residual noise with a wide-band
spectrum (e.g., an electric noise), using a SS prior to the
wavelet shrinkage leads to excellent results.

Let us now consider the SS method. If n̂ correctly esti-
mates n, the residual noise can always be removed by in-
creasing the over-subtraction parameter α. Unfortunately,
this leads to considerably reduce the energy of the restored
signal, and sometimes to corrupt its waveform. For a more
effective removal of the residual noise, it is thus better to
use a wavelet shrinkage after the SS (Figure 11b).

The main limitation of the SSA denoising lies in the in-
troduction of artifacts when the separability between the
source signal s and the noise n is lacking (generally, in
wide-band noise contexts). In order to cope with this fun-
damental limitation, we propose to combine the two-step
strategy proposed in [24] with the SS method. We keep the
first step of this denoising strategy, which is based on the
H-matrix and consists in the detection and the removing
of the pure noise segments of the signal. The second step,
consisting in a SSA decomposition of the pre-processed
signal resulting from the first step, is then replaced by a
SS. Figure 12 shows that this approach leads to a signifi-
cant improvement of denoising.

5. Conclusion

AE signals recorded from nuclear safety experiments are
contaminated by different kinds of noise whose level can
be significant compared to signal. Therefore, prior to iden-
tification of the source mechanisms associated with the
acoustic events of interest, the noisy AE signals must be
properly denoised.

In this paper, we have evaluated the ability and effi-
ciency of several methods for detecting structural changes
and denoising AE signals, according to the stochastic be-
havior of the noise and its level. One conclusion of this
work is that there is no absolute method which is efficient
regardless the type of noise and its level. The limitations
of a simple thresholding for detecting structural changes
have been highlighted, even in high SNR context. We have
shown that the continuous wavelet transform method is
the best tool for analysis of the signal structure in high
SNR context, whatever the type of noise. On the contrary,
in low SNR context, the detectability of the AE events
strongly depends on the type of noise. For the case of a
wide-band noise, the detection becomes a challenging task
and only the singular spectrum analysis method allows to
detect some hits, generally the most energetic ones.

The denoising problem has been considered from sev-
eral points of view. If we consider only the global SNR
improvement ratio, the spectral subtraction method is the
most robust to changes in the stochastic behavior of noise.
However, in some specific cases, it is preferable to use
other methods like the frequency selective filtering, the
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wavelet shrinkage method or the singular spectrum anal-
ysis method. In order to further improve the denoising ef-
ficiency and to get excellent results regardless the type of
noise and its level, we have suggested to combine different
methods. Finally, the analysis of the impact of the differ-
ent selected denoising methods on some classically used
AE parameters shows that, whatever the type of noise and
the denoising method, AE parameters associated with the
waveform are better restored than those associated with
the acoustic activity and the frequency content.
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