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based on the analysis of acoustic emission (AE) diagnostic data and machine learning methods. A necessary 
condition for the application of machine learning methods in the development of DSS is the process of 
extracting diagnostic features from the AE signal. In the present work, an improved method is proposed for 
extracting diagnostic features from time series of AE signals. This includes two successive steps. At the first 
step, the frequency and frequency-time characteristics are calculated in a sliding window of short duration, 
which describe local changes in the shape and structure of single pulses. At the second step, the resulting 
matrix of informative features is aggregated by calculating statistical moments of various orders, which 
makes it possible to effectively detect long-term trends in the AE signal changes emitted by the defect. 
Verification of the proposed method was carried out on a full-scale control object of the oil tank RVS No. 3 
("NTEK LLC"). Based on the results obtained, a conclusion was made about the effectiveness of the 
proposed method in the development of diagnostic monitoring systems based on acoustic emission data. 
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INTRODUCTION 
 
Diagnostics of the technical condition of facilities 
without its decommissioning is an urgent problem. 
Its solution deals with the need to continuously 
monitor the technical condition of building 
structures, develop integrated diagnostic 
monitoring systems, as well as effectively manage 
the risks of accidents at control objects. As a part 
of the practical implementation of the diagnostic 
monitoring system, an important task is to predict 
the failure of an object and assess the possible 
damage caused by an emergency situation at a 
construction site using the decision support system 
(DSS) [1]. 
Machine learning methods are widely used in 
modern DSS. It is noted that these methods 
promise assessing the technical condition using 
the data of instrumental non-destructive testing, 
in particular, the results of acoustic emission 
(AE) diagnostics [1]. 
A necessary condition for the use of machine 
learning to assess the hazard class is the 
extraction of a set of informative features 
characterizing the evolution of defects (“feature 
extraction”) from the registered AE signal [2]. 
A useful AE signal has a number of features that 
complicate the task of feature extraction: 
 a) Data from sensors (AE transducers) are 
usually recorded with a high sampling rate of at 
least 1-2 MHz, which entails a large amount of 
monitoring data. In this regard, of particular 
importance is the provision of compression of 
the initial data when extracting features and, on 
the other hand, the sensitivity of the informative 
features themselves to changes in the local 
structure of the AE time series when a single 
pulse of short duration appears. 
b) The evolution of defects-sources of acoustic 
emission is slow [1]. 
The characteristic time for the development of 
defects before the onset of a pre-destructive state 
ranges from several weeks to several years, 
depending on the technical condition of a particular 
building structure and its operating conditions. At 
the same time, in order to determine the hazard 
class of AE source defects and to reveal the kinetics 

of their evolution, it becomes necessary to register 
and analyze long-term trends of the corresponding 
informative features. 
The present work proposes an improved method for 
extracting features from the time series of acoustic 
emission signals by means of sliding time windows 
of different widths with overlaps. This method can 
be used for the analysis of experimental AE time 
series of long duration obtained during the 
diagnostics of full-scale building objects. 
 
 
METHODS 
 
In this paper, we study a method for extracting 
diagnostic features of the defect’s presence in a 
structural member, based on the calculation of a 
number of statistical values that are directly 
related to the shape parameters and the local 
structure of the sequence of acoustic emission 
and noise pulses recorded during the control of 
the technical condition of a building structure. It 
is essential that the registration of noisy time 
series of acoustic emission in this case should 
be implemented in such a way that ensures the 
identification of the true shape of the useful AE 
signal against the background of noise. This 
condition is satisfied if recording noisy AE data 
using a non-threshold method [4]. 
At the first step, informative features in the 
frequency and time domains are calculated in sliding 
windows with overlaps in order to identify local 
changes in the signal shape on a small-time scale, 
which are associated with the occurrence of signal 
source defects. The length of such an analyzing 
window is chosen from the following 
considerations. On the one hand, the window length 
should be small enough to ensure the stationarity of 
the noisy signal and its spectrum within the window. 
On the other hand, the window length should be 
large enough to ensure the representativeness of the 
calculation of statistical features in the time domain 
and the required spectral resolution in the frequency 
domain respectively. 
Based on the results of preliminary studies of 
experimental AE time series, it was found that 
the most informative on small time scales is the 
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following set of features in the time and 
frequency domains: 
1) Spectral centroid. 
It is defined as the weighted average amplitude 
of the frequency spectrum of the signal: 
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The centroid is a measure of the shape of the 
spectrum. The growth of the centroid indicates the 
predominance of high-frequency components in 
the spectrum of the noisy signal, due to the 
presence of interference. 
2) Range factor. 
This factor describes the standard deviation of 
the spectrum, which is related to the width and 
position on the frequency axis of the signal 
bandwidth [6]: 
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Noise pulses usually have a larger peak-to-peak 
factor, while the appearance of AE pulses 
associated with a structural defect leads to a 
small spectral spread and a corresponding 
decrease in the peak-to-peak factor. 
3) Spectrum attenuation factor. 
This factor determines the frequency below 
which the qth fraction of the area under the 
spectrum amplitude distribution function is 
concentrated (the corresponding frequency is 
analogous to the percentile in statistics [7]): 
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The attenuation coefficient also describes the 
shape of the spectrum and can be used to 
differentiate the useful AE signal and noise, as 
well as signals related to source defects of 
various hazard classes. 
4) Spectral flux density (sequence) of pulses. 
It is defined as the square of the difference 
between the normalized magnitudes of the 
spectra of two successive time windows: 
 

This measure is sensitive to local changes in the 
amplitude of the spectrum associated with the 
dynamics of the evolution of the shape of the 
AE time series during the occurrence and 
development of AE source defects that belong 
to different hazard classes. 
At the second step, the features calculated at the 
first step are aggregated over time to identify 
patterns of useful AE pulses due to the 
development of defects. Aggregation is carried 
out in sliding windows up to several seconds 
wide by averaging over a number of statistical 
parameters: mathematical expectation, standard 
deviation, median, extreme values, coefficients 
of variation, skewness and kurtosis. 
The width of the aggregating window is chosen 
from the following considerations. The window 
length should be small enough to reveal the 
differences between the noise and signal 
components and, on the other hand, large 
enough to reveal the differences between the 
signal components of different hazard classes 
that arise in the process of long-term evolution 
of AE signal source defects. 
For each averaging parameter, a time series is 
formed, consisting of samples, the value of each 
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shape of the spectrum and can be used to 
differentiate the useful AE signal and noise, as 
well as signals related to source defects of 
various hazard classes. 
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amplitude of the spectrum associated with the 
dynamics of the evolution of the shape of the 
AE time series during the occurrence and 
development of AE source defects that belong 
to different hazard classes. 
At the second step, the features calculated at the 
first step are aggregated over time to identify 
patterns of useful AE pulses due to the 
development of defects. Aggregation is carried 
out in sliding windows up to several seconds 
wide by averaging over a number of statistical 
parameters: mathematical expectation, standard 
deviation, median, extreme values, coefficients 
of variation, skewness and kurtosis. 
The width of the aggregating window is chosen 
from the following considerations. The window 
length should be small enough to reveal the 
differences between the noise and signal 
components and, on the other hand, large 
enough to reveal the differences between the 
signal components of different hazard classes 
that arise in the process of long-term evolution 
of AE signal source defects. 
For each averaging parameter, a time series is 
formed, consisting of samples, the value of each 

of which is determined by a single aggregating 
window of a given width. Combining these series 
into a two-dimensional array forms a matrix of 
informative features. The resulting matrix is used 
further as input data for the application of machine 
learning algorithms in classifying the detected 
defects by hazard classes. 
 
 
RESULTS AND DISCUSSION 
 
Verification of the proposed approach was 
carried out on the data of experimental time 
series of acoustic emission obtained during the 
diagnostics of the technical condition of the oil 
tank RVS No. 3, containing defects of various 
hazard classes, located in the control object. 
Figure 1 shows graphs of the differential 
distribution function of a number of informative 
features that describe the shape of the AE signal 
and its change during the transition from one 
hazard class of the AE source defect to another. 
As an example, the calculation results are shown 
for three features in the frequency domain - the 
spectral centroid and the spectral density of the 
AE pulse flux. In this case, the following 
parameters were used for the calculation on a 

small-time scale (analyzing windows): the width 
of the sliding time window is 18 ms, the overlap 
is 14 ms, the width of the spectral window in 
calculations in the frequency domain is 32768 
samples, the type of the spectral window is the 
Hamming weight function [6]. 
It follows from Figure 1 that the probability 
distribution densities of the statistical features 
listed in the previous section significantly depend 
on the hazard class of the AE source defect and, 
accordingly, on the shape of the generated 
acoustic emission signal: the spectral flux 
distribution mode (Fig. 3a) shifts towards higher 
values with an increase in the hazard class from 
the first to the third, however, the magnitude of 
the shift is weakly expressed. In this case, the 
value of the distribution density corresponding to 
the mode, on the contrary, increases significantly. 
The distribution mode of the spectral centroid 
(Fig. 3b) changes in the opposite way, namely, 
the value of the distribution density 
corresponding to the mode remains practically 
unchanged, and the mode itself noticeably shifts 
to the region of large values of the centroid 
frequency with an increase in the hazard class. At 
the same time, the value of the asymmetry 
coefficient increases.  

 

 

  
 b 

Figure 1. Probability distribution densities of statistical signs of local changes in the shape of the 
AE signal for defects-sources of acoustic emission of I, II, III hazard classes: a) spectral flux 

density; b) spectral centroid 
 

Table 1 summarizes the results of the 
calculation of statistical parameters at short time 
intervals. From the analysis of the data 
presented in Table 1, it follows that the 
probability density of the distribution of the 
selected features correlates with the hazard 
class. Accordingly, there is reason to believe 

that the time series of feature values 
corresponding to the obtained distribution 
functions can be used as input data at the second  
step of the proposed method, while it is 
advisable to use the parameters shown in Table 
1 for averaging. 
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Table 1. Statistical values of the distribution function of diagnostic features 
for different hazard classes 

Informative feature / 
distribution function 

parameter 

Defect hazard 
class 

Mode Median Skewness Kurtosis 

Spectral flux I-class 0.0002 0.0007 2.8611 18,8905 
II-class 0.0005 0.0006 2.1951 12.4415 

III-class 0.0006 0.0008 2.3149 14.1484 
Spectral centroid I-class 0.0448 0.0452 8.5160 95.4774 

II-class 0.0473 0.0473 11.2270 176.0832 
III-class 0.0552 0.0541 9.2873 133.9230 

 

 
To assess the degree of information content of the 
signs, a priori information about the hazard classes 
of AE source defects, obtained, as noted above, by 
an independent control method, was used. Figure 2 
shows the results of feature calculation in the space 
of two SNE components. The points corresponding 
to the aggregation window, which belongs to a 
certain hazard class of the AE source defect, are 
marked in one color: green - the first class, yellow - 
the second, red - the third. It follows from Figure 2 
that the grouping of features in the SNE-
component space generally agrees with the color 
coding by hazard classes, while the classification 
error estimated using the “Accuracy” metric [14] 
does not exceed 2.5%. Thus, the proposed set of 
features and the method of its calculation make it 
possible to correctly divide acoustic emission 
signals into groups in accordance with the hazard 
class of AE source defects. 
 

 
 

Figure 2. Averaged statistical signs of acoustic 
emission for the control object with sources of 
three hazard classes in the space of two SNE 

components 
 
 

CONCLUSIONS 
 
The paper presents a method for extracting 
diagnostic features from time series of acoustic 
emission signals in order to build on its basis a 
decision support system that provides diagnostic 
monitoring of the technical condition of 
facilities. 
As diagnostic features, it is proposed to use a set 
of statistical parameters that are calculated in 
the frequency and time domains and describe 
the shape and local structure of the AE signal 
sequence: spectral centroid, flux, peak-to-peak 
coefficient, and spectrum attenuation 
coefficient. 
The proposed approach was tested on a real test 
object - a vertical steel tank containing a 
defective weld. Based on a numerical 
comparison of the classification results in a two-
dimensional feature space with a priori known 
from the experiment grouping of signals 
according to the hazard classes of AE source 
defects, it was found that the proposed set of 
features and the method of its calculation make 
it possible to establish a correspondence 
between the numerical values of the feature 
vector and the hazard class. 
Thus, these diagnostic features can be used to 
describe the process of evolution of AE source 
defects in the control object from one hazard 
class to another and can be effectively used in 
building a decision support system as part of 
diagnostic monitoring systems for building 
structures. 
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