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Abstract 
 

Noise similar in waveform to AE signals is of particular challenge for filtering. Such noise is 
generated by various mechanical reasons, impact, impact of foreign objects, and precipitations. 
Friction is the most sophisticated and irremovable source of noise, as it is complex for filtering. 
Detection of AE signals against friction noise is possible using advanced digital signal pro-
cessing methods; non-threshold segmentations, adaptive filtering and principal component anal-
ysis. Effective noise filtering is achieved both in real time and in post-processing mode. 
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Introduction 
 

One problem of the acoustic emission (AE) testing is a high level of noise affecting the di-
agnosis. Electric noise, electromagnetic interference, background acoustic noise, and friction 
noise are far from the full list of noise present during measurements. Due to the high level of 
noise, the operator has to increase the recording threshold of the AE signals through reducing the 
testing sensitivity at the risk of missing a dangerous defect. Lack of the data filtering can result in 
an incorrect location and erroneous definition of the AE source danger level. 

 
Noise recorded during the AE testing is highly varied. Noise can come from various physical 

reasons, such as sensor noise, imperfection of a measuring path, and operational noise of the 
testing object. The noise can have various waveforms. It can be stochastic or deterministic, sta-
tionary or non-stationary, and broadband or narrow-band. Noise similar in waveform to AE sig-
nals presents particular complexity for filtering. Noise can be generated by various mechanical 
reasons - impact, impact of foreign objects, and precipitations (such as rain and hail). Friction is 
the most sophisticated and irremovable reason of noise, and it is difficult for filtering. In the past, 
automatic or floating threshold was used [1]. However, its analog nature limited response speed, 
as can be seen in [2]. 

 
Detection of AE signals against friction noise is possible with help of advanced digital signal 

processing methods. Depending on the specific nature of testing procedure, friction noise can be 
suppressed at all stages of diagnostic information processing, through adaptive modification of 
the recording threshold or in a post-processing mode through AE signal decomposition, allowing 
the separation of noise component and AE signals. 

Diagnostic Signals Characteristics  

This paper considers the AE signals received against constantly present noise or interference. 
Assembly friction is an inevitable phenomenon for a variety of structures and cannot be elimi-
nated and its influence defies shielding. It arises at the points of movable supports, hinged and 
cable-stayed fastenings, at pins of flanged couplings, and in movable assemblies of structures.  
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Examples of the friction-induced AE signals are shown in Fig. 1. Over a long time (more 
than a second, cf. Fig. 1b), this signal is a quasi-periodic process of deterministic-stochastic na-
ture. The determinancy is defined by physical laws describing the friction process, while the 
stochasticity is defined by influence of a great number of random factors. With the standard 
threshold scheme of data recording, the signal characterizing friction is divided into a quantity of 
similar signals (see Fig. 1a). The signal represented in Fig. 1a has the noise characteristics, and it 
should be excluded from the subsequent study. 
 

a b 
Fig. 1 Signals characterizing a) single rubbing event; b) rubbing process of 1.5-s duration. 

 
The lack of special filtering procedures for the friction noise produces faulty evaluation, 

namely, overestimate of AE activity. As a consequence, it results in faulty evaluation of the AE 
source danger level.  

Adaptive Threshold of AE Data Recording  

For high-speed AE systems, it can be recommended to use the adaptive variable threshold in 
the data processing algorithm for filtering of constantly operating noise of friction type. Figure 2 
illustrates this processing. Here, an AE signal (at ~130 s) is present against the friction-induced 
noise. In conventional AE threshold processing, it is necessary for excluding the friction noise to 
select the threshold above the noise level, i.e. in the region of 600-650 mV. With such a thresh-
old value, the testing sensitivity decreases and the risk of missing defect signal arises. In adaptive 
threshold recording, a threshold value is not specified, but is calculated automatically depending 
on the local statistical characteristics of the AE signal. In early days of AE instrumentation, this 
was known as floating threshold and the threshold level was determined via analog processing by 
averaged rms voltage level. [1] 
 

Here, the adaptive selection of threshold value is based on two principles. The first one de-
fines the rule of local threshold value estimation on the basis of signal median, median(y(n)), 
while the second one allows the selection of an interval size, n, which controls the estimation of 
median(y(n)) [3]. The estimation of threshold value, thr, is based on the local median median(y), 
and MAD (median absolute deviation); see equations (1) to (3), where γ is an empirically deter-
mined coefficient. Here, MAD defined by equation (3) is a robust measure of the data variability.  

 

 thr = median y(n) ± γ ⋅σ y(y(n))  (1) 

 σ y =
MAD(y(n))
0.6745 ⋅ 2

  (2) 

 MAD = median y(n)−median y(n)  (3)
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Fig. 2 Result of adaptive threshold segmentation. 

 
In order for the AE local transients to be detected effectively, one should be guided by local 

estimations of the median and MAD, calculated with the help of a sliding time window. For ad-
aptation of the threshold value to the signal statistical parameters, the time window duration 
should be variable. If the signal parameters vary, the window duration should be small, for 
tracking these changes. If the signal parameters are constant, the window duration should be 
maximal, for reaching effective filtering of the high-frequency and Gaussian noise. 

 
Both signal median and MAD are insensitive to influence of the transient signal components. 

Therefore, the recording threshold value is defined only by the signal noise component; i.e., in 
our case, by friction noise. The AE signals representing outliers with a low probability of occur-
rence are necessarily above the threshold.  An example in Fig. 2 illustrates the thr curves (above 
and below noise) accurately following the envelope of noise component. However, the transient 
(AE) signal at ~130 ms exceeds the local thr values. 
 

To select the optimum duration of time window, the principle of intersection of confidence 
intervals (ICI) is used [3]. The ICI method suggests the selection of window length from the 
range of a priori specified lengths {Ni}. For each of Ni, the confidence interval D(N) is calculat-
ed by equation (4); 

 

 ))](()([)( ii NyNymedianND σγ ⋅±= , (4) 
where 

 σ (N ) =σ y
π
2N

. (5) 

From the selected range of window lengths, N* is optimum when the set of intersections of inter-
val D(N*) with intervals corresponding to the smaller windows is not empty. 

 
For illustrating properties of the adaptive threshold, the following signal model can be con-

sidered (see Fig. 3а): 
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s(n) = A1 ⋅sin(ωn)+ A2e
−(x−x0 )

2

σ 2 + noise(n)  
The half-sine pulse is a time trend to which an impulse of small amplitude and duration and a 
random noise noise(n) are added (second and third terms). The processing is to detect an impulse 
against a low-frequency trend. Figure 3b shows the result of filtering with adaptation of the 
threshold value. The adaptation of the filtering algorithm to the signal properties has enabled the 
slow time trend to be fully excluded from consideration. Figure 3c shows the time dependence of 
threshold values, which faithfully copy the trend values. This adaptation accuracy is reached by 
selecting the optimum duration of the time window, N*. At the portion of signal containing a 
transient (encircled in green dots) and at the maximum signal part which shows changes in 
properties (enclosed in red dashed ellipse), the duration of the optimum time window N* de-
creases to under 500. 

 
The friction noise filtering is carried out by selecting a number of windows {Ni} according to 

the model of the signal under study. The window minimum duration is selected several times 
higher than the AE signal duration. The segmentation threshold flexibly was adapted to relatively 
slow measurements of noise shape, while the small-scale components of the signal, impulses, 
remain invisible for it.    

Optimum Filtering 

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 the AE signal along 
with noise [4, 5]. Prior 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 
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the noise has an additive character, given in equation (6). The filter coefficients w are calculated 
in compliance with the optimization criterion on the basis of equation (7), where Rff and Rnn are 
autocorrelation matrices of the AE signal and the noise, respectively.  The filter frequency 
characteristic is set by equation (8), where Pff and Pnn are the power spectra of f(n) and noise(n). 

 
s(n) = f (n)+ noise(n)  (6) 
w = (Rff + Rnn )

−1rsf  (7) 

W ( f ) =
Pff ( f )

Pff ( f )+ Pss ( f )
 (8) 

 

 
Fig. 4 Wiener filter application scheme. 

 
Figure 4 illustrates the Wiener filter scheme. The filter takes in inputs of an initial signal 

(which consists of AE signal and noise) and reference signal (which represents the AE signal or 
noise of known waveform). The coefficients of a Wiener filter w are calculated with equation (7) 
to minimize the average squared distance between the filter output and reference signal. Applica-
tion of the Wiener filter to the model signals is described in [4]. 

 

a. b. 
Fig. 5 a) AE signal against the friction noise background: SNR < 0.9; b) result of the Wiener fil-
ter application: SNR > 9. 
 

Figure 5a shows the non-filtered input corresponding to the AE signals and friction noise. 
This signal is received in laboratory simulation. Its duration is approximately 1.5 s with the S/N 
ratio (SNR) of about 0.9. Figure 5b shows the result of the Wiener filter application. After filter-
ing we can detect with confidence the AE signals against the noise background, and SNR has 
increased approximately tenfold to 9. 
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The optimum filtering application makes it possible to filter effectively the friction noise 
even in the cases of SNR < 0.5. A disadvantage of this method is the necessity to use a priori in-
formation on noise characteristics and the necessity to adapt the filtering algorithm to variation in 
these characteristics. 

Method of Principal Components for Friction Noise Filtering 

The problem of friction noise filtering can be also solved in a post-processing mode by 
means of the AE signal decomposition using the method of principal components. To identify 
processes with a different nature of periodicity, it is possible to employ one of methods of time 
series analysis, the method of principal components, which allows for dividing the AE signal 
represented as a time series into several elements (components), periodic components, transients 
and a trend.  

 
In interpreting of AE signals, the periodic components characterize, as a rule, deterministic 

noise, white noise corresponds to random electronic noise, and the impulse components charac-
terize the AE signals. 

 
The method of principal components is a method of multidimensional data analysis, but for 

the time series analysis, the scientists from the St.-Petersburg State University designed its spe-
cial modification, singular spectrum analysis [6]. This method suggests a transformation of the 
univariate time series to a set of time series, which represent a large number of fragments of the 
original signal, cut with a sliding time window; see equation (9). The time window duration shall 
be selected so that all processes (the noise processes and AE process) are able to become appar-
ent. 

Xi = (si-1,…,si+L-2),  (9) 

where L is a window length.  When the parameters are selected correctly, the signal is divided 
into several components, which characterize the various processes generated by various sources, 
both the noise sources and the AE sources.   
 
 The analysis algorithm can be conditionally divided into four stages: embedding, singular 
decomposition, grouping and reconstruction. The first two stages may be designated together as 
decomposition, while the last two as recovery.  The first stage, embedding, consists in shaping 
from the signal a trajectory matrix, X, equation (10). The second stage is a singular decomposi-
tion of each component of X, that is, Xi for i = 1 to d, given as equation (11). 

 

 X = X1 +X2 +…+Xd ,  (10)  
Xi = λiUiVi

T,  (11) 

where 021 >≥≥≥ dλλλ …  are ordered nonzero eigenvalues of matrix, Xi, L
iU R∈  are ei-

genvectors corresponding to them, and Vi are factorial vectors, equation (12). 
 

Vi = λi
−1/2XTUi ∈R

K  (12) 
 
At the third stage, the decomposition components are grouped as equation (13), 
 

X I j
= Xk

k∈I j
∑  (13) 

where Ij are sets of the matrices to be combined. At the fourth stage, the reconstruction is per-
formed by the conversion of the grouped matrices to the analyzed signal components, see (14). 
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s(t) = si1(t)+ si2 (t)+ ...+ sij (t)  (14) 
 
When the method of principal components is applied to the AE signal containing friction 

noise, we expect that, as a result of decomposition, noise-related quasiperiodic component and 
transient signals will appear in various components of decomposition. To reduce the data volume, 
it is recommended to operate not the signal itself, but its envelope. Such replacement does not 
result in diminution of algorithm accuracy, since the signal spectrum, in this case, is not informa-
tive. The envelope characterizes a low-frequency portion of the signal, and it can be effectively 
compressed through wavelet-transformation. The data compression ratio depends on the contrac-
tion ratio of frequency range.  To evaluate the method of principal components, it is reasonable 
to analyze friction-induced noisy signals and AE signals separately. To reduce the computational 
burden, not the signals proper, but their envelopes are analyzed. 
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Fig. 6 a) Envelope of friction noise. b) envelope of AE signals. 
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a) for friction noise.  b) for AE signals. 
Fig. 7 Energy distribution of principal components decomposition. 

 
The friction-induced noise envelope is shown in Fig. 6a. The harmonic component observed 

against the background white noise is dominant and Fig. 7а shows the result of decomposition in 
the form of the signal energy distribution according to the main components of the noise Xi. The 
time window for constructing a trajectory matrix was selected of the order of the envelope period. 
A total of seven main components were selected, the first three components containing more 
than 85% of the signal energy.  The result of decomposition of the AE signals (Fig. 6b) is 
shown in Fig. 7b. In this case, the signal energy is distributed between a large number of 
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components, and 85% of the signal energy was distributed in 45 components of decomposition.  
One may draw an analogy between the signal energy distribution according to the main compo-
nents and the power spectral density. In Fourier analysis, harmonic signals are also localized in 
the frequency domain, while transient signals have a broadband spectrum distributed according 
to the coefficients of Fourier transform. 

 
As the energy of friction-induced noise is localized in the low-order component region, while 

the AE signal energy is distributed according to the decomposition components more uniformly, 
it is possible to make a conclusion that the method of principal components is useful for detect-
ing an AE signal against the background friction noise. 

 
Next, we examine the case of AE signal-noise combination. The combined signal s(n) de-

fined by equation (15), 
s(n) = A ⋅Friction(n)+ B ⋅Ae(n) , (15) 

which is the sum of friction-induced noise Friction(n) and the AE signal Ae(n). The envelope of 
the combined signal s(n) is shown in Fig. 8а. The weighting coefficients are selected in such a 
manner that the SNR value in the combined signal is below 0.1. 

 

 
Fig. 8 a. Initial signal s(n); b. reconstructed friction noise Friction(n); c. reconstructed AE signal 
Ae(n).  
 

Figures 8b and c demonstrate the result of separation of the friction noise and the AE signal 
by grouping of the low-order main components (Fig. 8b) and the high-order components (Fig. 
8c). A quarter of the high-order components (from 33 to 45) were discarded for the sake of fil-
tering random noise. 



 

 141  

Conclusion 

In this paper, a variety of methods for the friction noise filtering are considered, adaptive se-
lection of the recording threshold, the optimum filtering method, and the signal decomposition 
by the method of principal components. All three algorithms make it possible to perform effec-
tive filtering, both in real time mode (adaptive selection of the recording threshold and optimum 
filtering), and in post-processing mode (the method of principal components). Selection of one 
or other processing method depends on requirements of an operational speed of the AE system 
and its technical capabilities. 

 
For our future AE systems, the adaptive threshold algorithm will be implemented, since this 

algorithm does not require excessive time expenditures and complicated procedure of adaptation. 
This algorithm can be applied not only in case of the friction noise, but also for white noise fil-
tering with various time characteristics, and also for the arbitrary non-stationary noise having a 
non-transient nature. 
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