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Abstract 
 

One problem of the acoustic emission (AE) testing is a high level of noise affecting the diag-
nosis results. Electric noise, electromagnetic interference, background acoustic noise, and rub-
bing noise are far from the full list of noise present during measurements. With the high level of 
noise, the operator has to increase the recording threshold of the AE impulses through reducing 
the testing sensitivity at the risk of missing a dangerous defect. Lack of the data filtering can re-
sult in an incorrect location and erroneous definition of the danger level of AE source. To im-
prove the noise immunity of the AE system, the data filtering algorithms are to be used and ex-
amined in this paper.  
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Introduction 
 
 The noise recorded during the acoustic emission (AE) testing is highly varied. Noise can be 
caused by various physical reasons, such as sensor noise, imperfection of a measuring path, and 
technological noise of the testing object. The noise can be essentially different in the signal 
waveform. They can be stochastic and deterministic, stationary and non-stationary, broadband 
and narrow-band. To solve effectively the problem of filtering of the AE testing data, it is possi-
ble to suggest one method of noise classification – according to the filtering complexity. In Table 
1 the noise of different types arising during the AE testing are divided into three groups. The sig-
nals from the first group have a low filtering complexity, the signals from the second group have 
an average filtering complexity, while filtering of the third group noise is a complex nontrivial 
problem.  

 
The types of noise that can be successfully removed by means of traditional filtering methods 

are impulse and harmonic noise belonging to the first group, as well as the low-frequency and 
high-frequency noise lying outside the informative range of frequencies. Such noise can be easily 
removed by means of the frequency or median filtering. 

 
Now, only one type of noise is related to the second group – a stationary white noise. The fil-

tering complexity lies in the fact that both the white noise and the impulse signal are broadband 
processes. This complicates the separation by means of the traditional frequency filtering. To 
detect AE impulses against the background of the stationary white noise, we utilize the algorithm 
of filtering based on a discrete wavelet-transform [1, 2].  

 
The noise, which is similar to the AE signals by both the shape and the spectrum, is related to 

the third group. These are generally technological noise of the test object, such as rubbing, vibra-
tion, various hydrodynamic noise, etc. For filtering noise of this type, it is recommended to re-
cord long, from 5 to 30 minutes, waveform of AE signals. Increase in data recording time allows 
to make the total time of process observation exceed the stationary interval of noise. By means of 
long observation we can observe the short impulse’s quasi-deterministic components correspond-
ing to the AE impulses on the background of stationary noise being present continuously.  
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Table 1. Type of noise signal and filtering methods. 
 
  Type of noise signal   Cause of appearance  Filtering methods Filtering 

complexity  
1 Spikes (short impulses), 

harmonic noise,  
high-frequency and low-
frequency noise 

Electric and 
electromagnetic noise 

FIR filters, IIR fil-
ters, median filter 

low 

2 White stationary noise  AES noise, noise of  
electronic components  

Wavelet-filtering average 

3 Impulse,  
Non-stationary noise 

Rubbing noise, hydro-
dynamic disturbances,  
and cavitation 

Analysis of long 
realizations of AE 
signals   

high 

 
Filtering of Harmonic and Impulse Noise  

 
The traditional frequency filtering is applied when the signal and noise lie in the different 

frequency ranges. Uses of the low-frequency, high-frequency, band-pass and band-rejection fil-
ters allows for allocating the ranges of frequencies relevant to the AE diagnostic signal.  

 
On the basis of digital filtering it is possible to perform, if need be, integration and differen-

tiation of the signals. The possibility to define an arbitrary shape of the filter transfer characteris-
tic allows for carrying out a deconvolution operation or inverse filtering that results in compensa-
tion of distortions contributed into the signal by the measuring path. 

 
Fig. 1. Some types of noise signals. a) electromagnetic noise; b) electric noise; c) narrow-band 
harmonic noise. 

 
The impulse noise is widely found, such as various electric and electromagnetic noise (Fig. 

1a, b), arising in case of problems with grounding or violation of principles of electromagnetic 
compatibility.  

 
Application of the frequency filtering for removing the impulse noise does not result in an 

acceptable solution, because the noise-like impulse signals have wide spectrum overlapped with 
spectrum of AE signal. The median filtering is applied for suppressing the impulse noise. A one-
dimensional median filter is a sliding window including an odd quantity of signal readings. The 
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central reading is replaced with the median of all readings in the window. When selecting the 
filtering window that exceeds duration of impulse components of noise, the impulse will be sup-
pressed, while energy of the AE signal will decrease insignificantly. 

 
The median filtering can also help in filtering of narrow-band amplitude-modulated noise 

(Fig. 1c); in this case the signal spectrum undergoes the median filtering. The spectrum of such 
signal has a well-defined single peak, which is removed during the median filtering of the signal 
spectrum. Energy of the narrow-band quasi-harmonic noise decreases by hundreds of times dur-
ing the spectrum median filtering, while energy of the AE signal, which has no defined single 
peaks in the spectrum, varies insignificantly. 
 
Additive White Noise Filtering 

 
After allocating the signal in the desired frequency range and excluding the impulse noise, 

the problem of exclusion of an additive white noise from AE signals remains undetermined. For 
filtering of additive random noise in the system, it is recommended to use the algorithm for 
wavelet-filtering.  

 
The wavelet-thresholding algorithm is performed on the basis of a discrete wavelet-

transformation [3]. The AE signal s(n) is represented as a wavelet-decomposition, as a set of de-
tailing and approximation coefficients, Dm,k  and Am',k, which correspond to different scale values. 

s(n) = Am',k ϕm',k(n) + Dm,k ψm,k(n),  (1) 

where ϕ(n) is basis function of sequence of orthogonal embedded subspaces, while ψ(n) is its 
orthogonal complement.  
 

Representation as a wavelet-decomposition is natural for a multicomponent AE signal, which 
is a superposition of different wave modes. Characteristics of separate modes of the wave packet 
are described by the detailing and approximation coefficients. 

 

 
Fig. 2. Wavelet thresholding algorithm. 

 
Figure 2 shows the algorithm diagram. Upon calculation of the wavelet-decomposition, a 

threshold restriction of the detailing coefficients is performed followed by a signal reverse re-
covery [4]. There are two main methods of thresholding; that is, soft and hard thresholding.  Un-
der the hard thresholding the coefficients below the threshold values are set to zero, while the 
soft thresholding, which is recommended herein, suggests linear approximation of the sub-
threshold values. 

 
One of key questions is the correct selection of a threshold. The criterion of Stein's unbiased 

risk estimation (SURE) is the most effective and widespread [2, 5]. Assume that the informative 
AE signal is observed against the background of the additive noise. When using the Stein crite-
rion, it is expected that the coefficients resulting from the wavelet-transformation of signals are 
in conformity with the model,   
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 ,         (2) 

where ri,j are empirical coefficients of the wavelet transformation of noisy signal, di,j are true co-
efficients, free from noise, value σj characterizes a noise dispersion, while ξi,j corresponds to the 
normally distributed noise with zero mean and single dispersion. 
 
 As a result of the wavelet-filtering, on the basis of ri,j evaluation of the true values of wave-
let-coefficients,  is obtained, and the creation rule is described by equation (3), where 

is an operator of thresholding of empirical coefficients of wavelet-transformation with 
a threshold value τj. 

       (3) 

        (4) 

      (5) 

For selecting the optimum threshold value, the risk function Rij given by equation (4) is 
minimized. For soft thresholding minimization of equation (4) results in equation (5), in confor-
mity with which the threshold value is adaptively selected from the range of τi,j, with provision 
for values of empirical coefficients of the wavelet-transformation and the noise dispersion esti-
mation.  

 
Application of the threshold algorithm is equivalent to an adaptive smoothing. When readings 

of the detailing coefficients are put to zero, which correspond to the signal high-frequency com-
ponents, the signal low-frequency filtering is carried out. On the other hand, only the readings, 
whose fraction of the high-frequency components is relatively small, below the threshold, are put 
to zero; in this case no distortion of the signal fragments, in which the high-frequency component 
prevails, occurs. Thus, a local selective removal of the high-frequency noise components takes 
place. 

 
Figure 3 shows an example of the wavelet-filtering of AE signal. The stationary white noise is 

removed practically completely; the ratio of signal energy and noise for the smaller amplitude 
impulse is increased fivefold. 
 
Filtering of Noise Similar in Waveform to Acoustic Emission Signals  

 
The noise similar in waveform to AE signals are of particular complexity for filtering. These 

are the noise generated by various mechanical reasons - impact, impact of foreign objects, and 
precipitations (such as rain and hail).  The noise of this kind also occurs at heating a testing ob-
ject and at various hydrodynamic phenomena, for example, resulting from cavitation. 

 
Such noise neither in waveform, nor in spectrum, does not differ from AE signals. Thus, nei-

ther of the above-mentioned methods is suitable for their filtering. The fundamental difference of 
the noise process and the plastic deformation process is a distinct regularity of generation of im-
pulses characterizing one or another process. Times of recording of impulses relevant to the 
noise action are spread quasi-uniformly (as in case of impact or precipitations) or in accordance 
with the Poisson's law (in case of cavitation or heating effect). Impulses characterizing an active 
source of AE (defect) follow the complicated distribution law, of which parameters vary as  
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defect develops. The defect impulses are recorded, as a rule, infrequently, and times of their re-
cording bring a disharmony in the form of a certain trend to the distribution law of the back-
ground noise impulses.   

 
To research statistical regularities of various processes, it is recommended to increase the su-

pervision time in such a way that the observation length exceeds the stationary interval of noise 
signal.  

 

 
Fig. 3 Result of wavelet-filtering: a) initial AE signal; b) AE signal after wavelet-filtering; c) 
wavelet decomposition of initial signal; d) wavelet coefficient after thresholding reconstructed to 
the initial length 

 

 
Fig. 4 Signals characterizing a) single rubbing event; b) rubbing process of 4-second duration. 
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Figure 4 shows signals received under simulation of rubbing. In Fig. 4a one can see a signal 
characterizing a single rubbing event. This signal is of the impulse and non-stationary type. Fig-
ure 4b shows a plot of the 4 second-long signal, being a continuous stationary process, in which 
a periodic component is distinctly present. According to this example it is possible to make a 
conclusion that various scales of process supervision create various representations of it, the 
longer is the time of process supervision, the more definitely we can define its properties.  

 
Wavelet-filtering of long durations 

Record of long-waveform AE signals creates additional capabilities for algorithms of filter-
ing. For example, the wavelet-filtering can more effectively be performed for the long duration. 
At the greater value of supervision time the dispersion of stochastic noise, whose value governs 
the threshold value, is determined more precisely. Further, for the long supervision time the pro-
cedure of adaptive wavelet-thresholding can be realized. This procedure assumes representation 
of the analyzed signal as a set of different-length segments, the length and quantity of segmenta-
tion intervals are selected with provision for the signal shape in such a way that the maximum 
ratio of signal energy and noise after filtering is provided.   

    
Fig. 5 Wavelet-filtering of long-duration AE signal.  a) initial signal; b) filtering result. 

 
Optimum filtering of long-waveform AE signals 

Effective optimum and adaptive methods of filtering [6] can be applied only in the case of 
record of the long-waveform AE signals. Synthesis of optimum filters supposes application of 
priory information, both on the useful AE signals, and on the noise. When employing a tradi-
tional threshold procedure for the detection of AE impulses, the limited supervision time does 
not allow for estimating the statistical parameters required. On the contrary, when recording for 
long durations, the probability distribution, spectral, correlation and cross-correlation characteris-
tics required for optimum and adaptive filtering can be estimated.  

 
The simplest and widespread method of optimum filtering is a Wiener filter. The Wiener fil-

ter is an optimum filter for the detection of the useful signal, which contains in the initial AE sig-
nal along with noise. Priory information on spectral density of signal (or noise) is required for its 
use. As a criterion of its optimization used is the mean-square deviation of signal at the filter 
output from the specified waveform of signal (or noise). 

 
With the use of this filter, it is supposed that the noise has an additive character, given in 

equation (6). The filter coefficients w are calculated in compliance with the optimization crite-
rion on the basis of equation (7), where Rff and Rnn are autocorrelation matrices of the AE signal 
and the noise signal, respectively. 
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                                                       (6) 
                                                       (7) 

                                                       (8) 

The filter frequency characteristic is set by equation (8), where Pff and Pnn are the power spectra  
of f(n) and noise(n). Figures 6 to 8 give the results of Wiener filter application. Figure 6 shows 
the initial signals corresponding to the AE impulse and rubbing noise. Both signals are received 
in laboratory conditions as a result of simulation. Its duration is approximately 0.5 second. By 
applying numerical amplification of the noise signal, we can achieve various values of signal-to-
noise ratio (SNR). Figures 7 and 8 show the result of the Wiener filter application for the SNR 
ratio 0.5 and 0.9, respectively. After filtering we can detect with confidence the AE impulse 
against the noise background, and SNR has increased approximately tenfold. 
 

 
 

Fig. 6 a) AE impulse, b) friction noise; received under simulation. 

 
Fig. 7 a) AE impulse against the rubbing noise background SNR<0.9; b) result of the Wiener fil-
ter application SNR>10. 

 
Fig. 8 a) AE impulse against the rubbing noise background SNR<0.5; b) result of the Wiener fil-
ter application SNR>5. 
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Signal compression 
To reduce the data volume, it is recommended to operate not the signal itself, but its enve-

lope. Such replacement does not result in diminution of algorithm accuracy, since the signal 
spectrum, in this case, is not informative. The envelope characterizes a low-frequency portion of 
the signal, thus it can be effectively compressed through wavelet-transformation. The data com-
pression ratio depends on the contraction ratio of frequency range. If under detection of the sig-
nal envelope the value of upper frequency of spectrum is decreased by 28 (or 256) times, the en-
velope duration can be reduced in comparison with the initial signal length by 28 times without 
significant losses of information.  

 
Noisy AE signal is shown in Fig. 9. The noise source is friction, which is artificially modeled 

with help of abrasive paper. Besides noise we can observe impulse AE signal generated by Hsu-
Nielsen source. Figure 9b shows the signals envelope compressed thousand times. 
  

 
Fig. 9. Noisy AE signal and its envelope. 

 
Principle components method for noise filtration 

To identify processes with a different nature of periodicity, it is possible to employ one of 
methods of time series analysis – method of principal components. The method of principal 
components allows for dividing the AE signal represented as the time series, into several ele-
ments (components) – periodic components, chance variations and a trend. In the problem of in-
terpretation of AE signals, the periodic components characterize, as a rule, deterministic noise, 
chance variations – random noise, and the trend characterizes the AE source activity. 

 
The method of principal components is a method of data multi-dimensional analysis, but for 

the time series analysis, the scientists from the St.-Petersburg State University designed its spe-
cial modification – singular spectrum analysis (or Caterpillar method) [7-10]. This method sug-
gests a transformation of the univariate time series (Caterpillar), Xi, to the set of time series, si, 
which represent a great number of fragments of the original signal (Caterpillar links), cut with a 
sliding time window, as given in equation (9). The time window duration shall be selected so that 
all processes (the noise processes and AE process) are able to become apparent.  

 
 Xi = (si-1,…,si+L-2), where L is window length (9) 

 
When the parameters are selected correctly as a result of application of the method of princi-

pal components, the signal is divided into several components, which characterize the various 
processes generated by various sources, both the noise sources and the AE sources. 

 
To divide the time series into components, the covariance matrix V is calculated by (10), and 

its eigenvalues and eigenvectors are calculated by (11); under expansion of the covariance matrix 
in terms of eigencomponents, a set of principal components of time implementation is obtained.  
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V = (1/k) XT X (10)  

V = P L PT, (11) 

where P is the orthogonal matrix of eigenvectors. The eigenvectors by themselves are impulse 
components of the filters yi, as given in (12), detecting various components of the process. 

X P = Y = (y1, y2,...,yM)  (12) 
 

In particular, among the principal components one may select a trend, slowly varying com-
ponents, periodic and impulse components. Expansion of the AE signal into principal compo-
nents is informative, because it allows for getting an insight of the processes occurring in the 
testing object. Thus, for example, the presence of an increasing trend in the signal can give evi-
dence of a progressive defect, while the periodic component characterizes noise 

 

 
Fig. 10. Filtered AE signal without friction noise. 

 
Figure 10 shows an example of successful application of the method of principal components 

for the filtering of AE signal (see Fig. 9a). As a result of signal decomposition, equation (13), it 
turns out that the periodic noise and the useful impulse signal comply with various components 
of decomposition. The signal shown in Fig. 9 is restored without considering the periodic noise 
components. 

 

 
Fig. 11 Long-waveform AE signals corresponding to a) corrosion process; b) rain and hail noise; 
c) sum of a) and b) processes. 
 

A more interesting example is shown in Fig. 11. Figure 11a shows the AE signal characteriz-
ing development of a corrosion defect, while the process shown in Fig. 11b is noise received as a 
result of simulation of precipitations effect (rain, hail). Figure 11c gives the sum of these proc-
esses. Figure 12 shows the decomposition of the signal presented in Fig. 11c into the main com-
ponents. As a result of grouping of the correlated components, we have deduced 9 groups of the 
components of different types. The first 5 groups showed no indication of the corrosion signals. 
Next three groups exhibited the presence of the corrosion signals, but still inadequate for clear 
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identification. The highest-order components allow for restoring the useful signal characterizing 
a corrosion attack, as separately shown in Fig. 13. The strongest 5 AE signals are clearly recov-
ered from Fig. 11c. 
 

 
Fig. 12 Main component decomposition for the detection of useful corrosion signal. Top left is 
the lowest order and the bottom right is the highest order components. 
 

 
Fig. 13 The highest order component for the detection of useful corrosion signal, recovered from 
noisy signals (Fig. 11c). Enlargement of the bottom right in Fig. 12. 
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In the near future, Interunis Ltd. plans to release new generation of A-Line family AE sys-
tems. The main advantage of new systems will be the non-threshold principle of AE signal detec-
tion and adaptive noise filtration, whose principles are stated in this article. 
 
Conclusion  

 
The paper is concerned with various methods of filtering of the AE data. The algorithm of 

impulse noise filtering by means of the median filter is described. The efficiency of wavelet 
thresholding for removal of white stochastic noise is shown. Also the method of noise removal is 
described by means of the time series analysis using the method of principal components and 
optimal filtration algorithm.  
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