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Abstract: The article deals with application of Data Mining techniques for the analysis of acoustic emission data. Association rules and decision trees 
application are considered for acoustic emission data structuring and classification. 
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1 INTRODUCTION        
Modern nondestructive testing devices are complex 
multichannel digital measurement systems, which provide 
evaluation of testing structure state by means of electrical, 
magnetic or acoustic measurements. Nondestructive testing 
devices, depending on the testing type for which they are 
intended, may differ in complex construction, schematic 
decision or complex advanced data processing techniques. 
The complexity of the structure may be explained by a 
mechanical part of the device due to the need for it 
automatically movement. Problems in the development of 
schematic solution is typical for multichannel NDT devices, 
and for data acquisition with a frequency about megaherz or 
gigaherz. The most complicated testing data analysis belongs 
to acoustic emission (AE) testing. AE testing is a passive 
method that is based on registration of acoustic waves 
induced by material defects growth. AE testing is the most 
sensitive method, it provides detection of defect growth for 
defects with size of several micrometers. AE testing 
drawbacks are highly caused by complexity of data analysis 
[1].  

 
2 AE DATA PROCESSING  
Each AE event, induced by defect growth, defines a unique 
process occurring at a certain point of the test object. When 
AE signals propagates from the point of emission to a sensor, 
the waveforms at sensor point are complicated due to 
conversions to different modes of waves by frequency, 
multiplicity of distribution paths, and due to wave velocity 
dispersion. Each AE – event could be represented by group of 
AE signals, at worst about ten acoustic signals on each 
channel. AE data should be structured in a proper way for 
correct estimation of AE sources. AE testing has weak noise 
immunity because it is a passive method. Noise sources are 
vibration, friction, technological noise of testing equipment, this 
noise signals are added to true AE signals, caused by defects. 
Total amount of noise signals, that are detected as AE signals, 
could be as high as 90-95% from all detected signals number 
[2]. As waveforms of AE signal and noise are similar, 
informative signals are extracted not by filtering, but by 
classification [3]. All registered signals are classified in such 
way, that all noise signals are grouped to certain classes, and 
the rest signals of AE nature are analyzed specially to identify 
defect and estimate its location. This paper considers 
application of data mining technology elements – algorithm for 
search the association rules and decision trees for automatic 
structuring and identification of AE data.  Problems of 
informative features selection, primary attribute space 
dimension reduction and obtained diagnostic data 

compression are investigated. 

 
3 ASSOCIATION RULE APPLICATIONS 
Association rule learning is a method for discovering relations 
between variables in large data arrays, that is usually used for 
detection of frequently occurred objects sets in large data 
assemblage. Current paper demonstrates association rule 
learning application example for AE data structuring and 
classification [5]. Association rule learning allows to structure 
disjoint AE impulses into classes so, that each class 
corresponds to one AE source. Algorithm is implemented via 
hierarchy scheme, that encompasses separate impulses 
classification, impulses grouping by belonging to one AE 
event, and classification of obtained AE events. The key 
features of the proposed method are, firstly, the possibility to 
process data in an automatic mode with minimum involvement 
of operator and a minimum number of settings, and, secondly, 
the possibility to carry out the analysis of the heterogeneous 
diagnosis information.  
 
3.1 Algorhythm description 
At the initial stage of the algorithm diagnostic data looks like a 
scattered unstructured set. Those are AE impulses, which are 
generated by various sources, spread over different acoustic 
paths and registered by varied measuring channels [4]. AE 
impulses are schematically shown on fig. 1. Each figure 
designates an AE impulse, figures of different shapes 
designate impulses recorded by different channels. 

 

 
 

The first step of a data structuring is a clustering of AE 
impulses. Obviously, the signals generated by the same AE 
source have a similar waveform. This similarity may be 
explained by the similar way of AE wave generation and by the 
same acoustic path for AE wave propagation. Correlation 
coefficient of AE impulses is used as a distance measure 
during the clustering. It determines the degree of similarity of 
AE signals' forms. As a result of calculations, at the end of the 
first step we obtain a sequence of ―colored‖ AE impulses, 
wherein the shape designates the channel number, and the 
color designates the cluster number. 
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The next step of the algorithm is the analysis of the impulse 
sequence – AE events. For the formation of such groups, we 
analyzed the arrival times of AE signals and the difference of 
recording time of the first and last signals in the group. The 
latter should not exceed the specified value, which is 
determined by the ratio of its maximum overall dimension and 
a minimum velocity of acoustic wave propagation 
experimentally measured for the given test object. An AE 
signal beyond the time frame is the initial AE signal for the 
next group. 
 

 
 

After the AE impulses are grouped into the AE events, an 
associative search can be conducted. The goal of the search 
is the clustering of events, which are corresponding to the 
same AE sources. Each AE source generates impulses which 
have a specific sequence of arrival times at different 
measurement channels. Also, each source corresponds with 
the specific waveforms of signals within the grouped AE event. 

 

 
 
The sequence of impulses of a certain form is the association 
rule. In our case the association rule is applied to determine 
the number of different AE sources, which generate the 
sequence of impulses that match certain association rules. 
The association rule frequency determines the activity of AE 
source. For the association rule mining a standard algorhythm 
called Apriory is used. The results of the algorhythm applying 
is described in the next paragraph. 
 
3.2 Application example 
One of the problems of the AE testing is the identification of 
source type of the AE, regardless of the influence of the 
acoustic wave propagation path. To investigate this problem 
an experiment on a concrete cube was conducted. Two types 
of acoustic waves were generated at three positions on the 
concrete cube surface by means of a pulser and a Hsu-
Nielsen source. Fig. 5 shows the three locations of the AE 
sources. During the statistical processing of data, application 
of the present method can give six classes of events 
corresponding to two different sources of AE at three points on 
the test object surface, as shown in the table on Fig. 5. There 
are two "classes of AE events" in each location zone, which is 
defined by the channels number.  

 
 

4 DECISION TREE APPLICATION 
Decision trees are sequential hierarchy structures, that could 
be depicted as tree-shaped diagrams. A tree-shaped diagram 
is used to take a decision about the analyzed information or 
show it statistical probability. Each branch of the decision tree 
represents a possible decision or occurrence. In current work 
decision tree is designed on the basis of wavelet-packed 
decomposition. Decomposition objects are AE signals. 
Wavelet-analysis and decision trees technologies mix allows 
to perform wavelet-decomposition and classification of AE 
signals simultaneously. For all types of analysed signals, by 
means of association rules unique form decision tree is 
designed with exception of redundant information signals and 
noise. Energy and entropy of wavelet-decomposition 
coefficients in tree nodes are used as classification features. 
Besides proposed method allows to efficiently compress AE 
signals by means of adaptive wavelet-decomposition. 
 
4.1 Data source description 
Fig. 6 a-d shows acoustic signals received during the AE 
testing. The first two signals match the defects grow. Impulse 
signal (fig. 6a) is generated by the crack increase. Fig. 6b 
shows a signal, caused by the leakage. Fig. 6c-d show noises: 
fig. 6c - a noise caused by the raindrops knocking, fig. 6d - a 
rubbing signal. All considered signals are stochastic and 
impulse, excluding a leakage-signal. Also, the signals on Fig. 6 
have a complex broadband spectrum, limited only by a 
frequency band of the measuring channel. 
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The similarity of the waveforms and spectrum of the useful 
signals, characterizing the action of defects and noises, 
complicates the task of classification. In order to provide their 
precise classification it's necessary to carry out an advanced 
signal processing to determine a subtle difference between the 
analyzed signals. This work uses a wavelet packet analysis as 
an advanced signal processing method. 
 
4.2 Wavelet packet analysis 
The decomposition by wavelet packets is one of variety of the 
multi-resolution analysis, and it is the signal decomposition on 
the basis of wavelets (in a general case by the Riss basis) 
specified for a sequence of subspaces embedded to each 
other [6]. 

w  (x) = √2∑ h(k)w (2t-k)    (1) 
 

w    (x) = √2∑ g(k)w (2t-k)   (2) 

where  g(k) = (-1)
 
h(1-k) is defined by type of wavelet 

function.  
 
Under a discrete wavelet transform the signal is decomposed 
into a low-frequency component - approximation and a high-
frequency component - detailing. At the next level both the 
approximation and the detailing are subject to further 
decomposition. So, at j-level of decomposition the 2

j
 

coefficients are calculated. In this case the coefficient (j, k) 
localizes energy within the frequency range (3), where Ω0 is 
the frequency corresponding to a half of the sampling rate 
frequency (Fig. 7). 

 

 
 

                

 (3) 
As a rule, the AE signal energy is non-uniformly distributed on 
the spectrum, and often 3 or 5 coefficients of cluster 
decomposition are sufficient for location of 95-99% of the 
energy. Moreover, the dimension of informational components, 
as a rule, is at least four times smaller than the original signal 
dimension.  
 
4.3 Algorhythm description 
The goal of a wavelet packet analysis is a creation of adaptive 
wavelet decomposition for each of the considered signals.  

 

 
 

During an adaptive decomposition wavelet-tree is formed as a 
decision tree. With the help of the decision rules only the 
coefficients with a significant energy at different levels of 
decomposition are chosen [7]. As a result of such 
decomposition a unique description of the signal spectrum is 
created in the form of a set of numbers of the coefficients. 
Numbers of a wavelet-coefficients are used as informative 

features for further classification of signals and the signals 
themselves can be compressed by eliminating coefficients of 
low energy, without significant loss of information. Decision 
tree has a simple structure as shown on Fig. 8. The decisions 
are made on the basis of the energy of the wavelet 
coefficients. If the energy of a coefficient Ewi is less than 2%, it 
is excluded from consideration; if the energy Ewi ranges from 2 
to 5%, the coefficient number is included in the description of 
the signal spectrum; further decomposition is not necessary. If 
Ewi is more than 5% then the wavelet coefficient is further 
decomposed. Analysis proceeds until there are no more 
coefficients to be decomposed.  

 
5 RESULTS AND DISCUSSION 
Fig. 9 shows the result of an adaptive wavelet decomposition 
of signals from Fig. 6. The signal spectra are superimposed 
with rectangular frames localizing an area of spectral 
coefficients. 
 
  

 
 

 
 
 

 
 

TABLE 1 
 

Class 

Classification results 

training set testing set 

number percent number percent 

crack 21 of 21 100 20 of 20  100 

flow 14 of 14 100 16 of 16 100 

rain 12 of 12 100 18 of 19 94,7 

rubbing 18 of 18 100 19 of 20 95 

 



INTERNATIONAL JOURNAL OF SCIENTIFIC & TECHNOLOGY RESEARCH VOLUME 9, ISSUE 02, FEBRUARY 2020                       ISSN 2277-8616 
 

5492 

IJSTR©2020 

www.ijstr.org 

 
 

 
 

 
 

Numbers of the wavelet decomposition coefficients form a 
description of the broadband nonuniform frequency spectra.  

Wavelet coefficients = {wi}   (4) 
 

Numbers of the adaptive wavelet decomposition coefficients 
were used as signs for signal classification. That classification 
was carried out using the discriminant analysis. On the training 
set of 65 signals a 100% classification result was achieved. Of 
the 75 signals in the test sample 73 were correctly classified. 
More detailed results of the classification are shown in Table 1. 
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