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Abstract 

Today fast data sampling capabilities of electronics enables to produce not only the traditional AE parameters, 
but we can sample and record the whole signal. This opens the way to spectral estimation and other data 
evaluation techniques. We present a system based on LABVIEW programming of National Instruments devices. 
We introduce a new event detection technique based on sequential probability ratio test. Using embedded system 
we can carry out fast sampling and only the necessary part of the data is transferred to the main computer, where 
more developed methods like wavelet spectrum estimation, skeleton method and a neural network based on 
MATLAB are used to classify events. 
 
Keywords: Acoustic Emission measuring technique, SPRT, data base, data processing, clustering, skeleton, 
artificial intelligence methods   
 
1. Introduction 
 
Traditional Acoustic Emission (AE) measuring technique uses still parameters, which had 
been developed when the electronics could not handle the necessary data sampling rate for 
direct measurement of the acoustic signals. Early electronics of AE systems could typically 
compare the voltage levels. This is why the traditional AE parameters like starting time, rise 
time, duration and counts had been introduced and are used even today. When the signal level 
exceeds the threshold level, it is considered as the beginning of the AE event. The maximum 
value of the signal, i.e. the peak value can be measured just charging a capacitor. The time 
between the beginning and the peak is the rise time. This can be measured as the time length 
of the growing RMS value, i.e. positive derivative of the short time RMS s well. The latter 
could be just measured as the integral of the square function of the original signal. Duration 
determined when the RMS value crosses the threshold level back. Finally the oscillation was 
estimated by number of the zero level crossing of the original signal and generally called 
counts.  
 
Gradually AE systems became a digital system, which means that they start with sampling. 
All the parameters listed above, today are estimated from digitalized data. But from those we 
could estimate other parameters as well. Today fast sampling digital devices are achievable. 
In AE measurement typically resonance sensors are used with resonance frequency 150 kHz 
or 450 kHz. In such case a few MHz sampling rate can be sufficient to describe totally the 
signal. In case of higher resonance frequency or in case of wideband sensors higher sampling 
rate necessary. However, today even GHz sampling is achievable. This opened the way to 
include new parameters in data processing and interpretation. First of all FFT based spectrum 
estimation became possible, but today one can easily map the change of the frequency 
contents during a single event using wavelet technique as well. Why most of the AE 
measuring systems still use the traditional parameters? It is partially due to historical reason. 
There are also some standards claiming to measure those parameters and to draw conclusion 
from those. 
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However, there are technical problems as well when applying high sampling rate. First of all 
when the sampling rate is about 1 MHz or above of that, the number of samples is too high to 
be stored. It occupies too much memory and the data transfer might be time consuming. It is 
worth to reduce the data preserving only those parts, where AE events (hits) can be found. 
This claims a new approach to event recognition what we shall present in Section 2.2 
 
Ones all time data have been sampled spectral estimation as well as wavelet technique opens 
new possibilities in selecting parameters for classification of AE events. We introduced also 
skeleton method and neural network technique to classify AE events and to recognise what is 
happening in investigated materials. 
 
2. Sampling and event detection in an embedded system 
 
The basic aim was to improve the recognition of AE events and to reduce amount of saved 
data. In typical AE measurement events are relatively rare, they occupies typically less than 
10% of the total measuring time. We decided it is a good way to select the events just after 
sampling and save only those time segments where we have events. For this reason we use 
embedded systems. In the embedded system we carry out fast sampling procedure.  
 
We use two types of devices depending on application. The following table shows the 
comparison between them. 
 

Table 1. Comparison of two hardware possibilities used in embedded system part 
Devices PXI FPGA 
sampling rate bigger (2 MHz) smaller (1 MHz) 
processing speed slower quicker 
scalability high low 
 
Immediately the sampled signals are tested in the embedded system by a powerful sequential 
test (SPRT) described in Section 2.2. Recognised events are transferred to the other (host) 
computer and saved there in a database. All the post processing (data processing) takes part in 
this second basic computer including the classification, spectral estimation and artificial 
intelligence for event cause and localisation.  
 
2.1 Sampling in different subsystems 

 
2.1.1 Sampling using a PXI 

The embedded system was built on the basis a PXI of National Instruments. A fast sampling 
has been programmed in using LABVIEW, which is a standard programming language of 
National Instruments devices.  
 
On the block scheme (fig.1) the blue colors means the hardware devices and the orange color 
marks software components. The NI – 6115 is a high speed data acquisition hardware. The 
NI-PXI 8108 serves as processor unit of the embedded target. NI- PXI 1041 is the power 
supply unit of the embedded part. NI-RT (National Instruments - Real Time) was selected for 
the operation system of our measuring device. We made software in LABVIEW to store the 
high-speed acquired data in the disk of NI-8108. The data can be downloaded trough FTP to a 
PC.  
 



 
Figure 1. Block scheme of the target system 

 
Data sampling is carried out by 2MHz in embedded PXI. Data are split into separate files of 
170MByte size and transferred to main (host) computer in every 10 second if an event has 
been found using method described in section 2.2 
 

 
Figure 2. Sampled time signals (upper curves) and the results of their lambda 

function produced by SPRT algorithm (described in Section 2.2) in bottom pictures 
showing very precisely the beginning and the end of burst signal buried in high 

background noise 

 

2.1.2 Sampling using an FPGA 

The FPGA is abbreviation of field-programmable gate array, which means the chip contains 
logical gates; we can define the function on them and the links between the gates.  This way a 
chip can be built which defines the relations between the inputs and the outputs like a wired 
electronic. By the FPGA architecture one can reach faster I/O response times, and specialized 
functionality which is an important requirement in our high speed sampling and processing 
system. This opens the way to organize even faster sampling and recognition procedures. 



 

 
Figure 3. Showing the typical arrangement of FPGA 

 
- Figure 4. Acoustic emission sensors, amplifiers and AED32/40 

 
Our hardware consists of a traditional set of AE sensors, preamplifiers driven by our 
traditional system (AED-40). But sampling and recognition system is programmed on new 
hardware elements, from National Instruments shown on fig.5. We chose a NI 9074 type 
compact RIO chassis and a NI 9221 type data acquisition module to sample the acoustic 
emission signals. We prepared all the programs in LABVIEW environment. 

Figure 
5.Hardware elements 9074 C-RIO chassis       9221 DAQ module 

 
The main method for the event detection here will be also the SPRT after the AR filtering of 
the signal (see fig.6). 



 
Figure 6. Block scheme of the system developed using FPGA 

 

Parallel with the SPRT method we estimate the auto power spectrum and the correlation 
functions of the signals which are requisite the filtering and identification of the events. We 
can distinguish the signals of the true acoustic events and electronic or mechanical noise. 
 
2.2 Sequential probability ratio test for event detection 

 
The traditional way of finding the beginning of the event has several drawbacks. When the 
original time signal exceeds the threshold level, then typically a decision is taken about the 
beginning of the events. When we set the threshold level too low, then the probability that the 
time signal exceeds that due to statistical disturbances is relatively high. This is the first order 
error. Contrary, if we set the threshold level too high, then the time set of the beginning is 
delayed with some systematic error. Also a second order error can be committed if the 
decision is not taken.  
 
Sequential probability ratio test invented by Wald in 1947 [1] is the best method to reduce 
both errors to possible minimum. It gives the certainty of decision making and it enables us to 
estimate the real beginning of the event with the possible highest precision. All this is 
mathematically proven [2]. We apply this method to find the AE events.  Mathematically this 
means we are using lambda function defined on the following way: 
 

                                                         (1) 
Here the denominator is the conditional probability that sampled data x1,…xN belong to AE 
event (to H1 hypothesis characterized by its distribution which described by the statistics of 
AE events), while probability in the nominator means that sampled data x1,x2,   xN belong to 
the distribution characterized by the background statistics (H0 hypothesis). Since we had 
pointed out [3] that AE event belongs to gamma distribution, while the background follows 



the traditional Gauss distribution, it is possible to detect events, even, if their amplitude is 
smaller than the background rms level! This opens the way to discover hidden evens, buried 
into background. Thus our system will produce more event-detection, than any other.  
 
Once the event has been found there is a mathematical formula [3] to find the beginning of the 
event well before its level exceeds the average background level. This improves the time set 
of the beginning of the event, which improves the localisation as well. 
 
Once the event has been recognised, this time block containing the event and some 
preliminary background part and post background parts are transmitted to the data collection 
and data processing computer with time stamps. All the other time segments are discarded 
(except of some background sample collection time to time). This reduces the size of the data 
sets to be saved for the post-processing.  
 

3. Examples of recorded data by the new system 
 
To test the program we carried out measurements on Gleeble 3800 termo-mechanical physical 
simulator. We recorded the acoustic events generated under cooling of a tensile test 
specimen[6]. 
 

3.1 The case of several events and background noises 
 
The measuring system allows to change parameters, like the ratio of RMS of the event and the 
background, all parameters of the Autoregressive modelling (AR), which are used for filtering 
the original signal as preparation for SPRT.  
 

 
Figure 7. Time signal (above), its on-line spectrum (in the middle) and lambda function (in 

the bottom) serving for finding events in high background noises from the screen of our 
measuring system 

 



On fig.7. we present the screen of our measuring program with a time signal, its on-line 
spectrum and the lambda function. It is worth to look all the positive values of the lambda 
function (bottom). When they reach the preselected positive decision-making level (in the 
present case 2.3, which ensures 10% of uncertainty in decision-making), then we conclude 
that there were events different from background in the original time signal. All those parts in 
lambda function start with relatively sharp, definite profile that means we can precisely set the 
beginning of the event. Note on fig.7. that event of different length (duration) can be precisely 
marked. 
 
3.1 The case of rare events with high uncertainty 
 

 
Figure 8. Here we had less events, but we also set the decisionmaking to high level 

 
Fig.8. present another case, when we hade relatively rare events. Decision-making was set to 
8.9, which means that decisions were taken with uncertainty of 0.1%. Events which did not 
reach that level of uncertainty (for example the small event at 0.17113 sec) remained 
unnoticed. 
 
4. Intelligent process evaluation techniques 
 
4.1 Neural network for classification 
 
4.1.1. Description of the neural network 

To classify the input parameters of AE we proposed neural network LVQ (Learning Vector 
Quantization, fig.9). The neural network consists of two layers: a hidden (competing layer) 
and a linear output layer. Our neural network had 12 neurons in a competitive layer and 2 
neurons in output layer, which corresponds to two types of recognizable signals.  Creating and 
training the neural network was carried out using the MATLAB package [4]. 



 
Figure 9. Structure of the LVQ neural network 

 
Neural network can be trained in one of two learning algorithms: training and adaptation. In 
the case of adaptation of the input vector of neural network provided in the order they are 
presented to the user(teacher), and in the case of training - at random. Training method used 
in practice more often, which was our choice as well. 
 
Thus, the algorithm for constructing a program for training the neural network can be 
represented as follows (fig. 10). 
 

 
Figure 10. Algorithm for creating and training a neural network 

 
It should be noted that the division of signal sources in two classes is not optimal because of 
the inability to recognize any other different from AE events and background. However, our 
work is devoted to determine the feasibility of identification of sources of AE signals using 



neural networks. In the future, basis of signals from sources different of AE must be 
significantly expanded. 
 
Input parameters were chosen as follows: the signal amplitude, the total number of pulses, 
signal rise time, duration and relative energy. Thus, given the number of sensors (4 sensors) 
and a specified set of features (5 features) a vector of 20 values was fed into the input of the 
neural network. 
 
Specified neural network belongs to a class of networks whose training is done by the teacher. 
Therefore, the experimental data were divided into two groups. First group was used to create 
and train the neural network, the second one to test its efficiency. Neural network training 
stopped after 47 cycles and the learning error was zero. Training vectors were recognized 
without any errors. Results of recognition re of these experiments, which did not participate in 
training the neural network, are shown in Figure 11. The chart shows that the AE sources used 
are recognized by the neural network with a common mistake, which does not exceed 24% 
(ratio of correctly recognized units to the total number). This is a relatively high error, but it 
should be noted that its significant reduction is possible with increasing database of 
experiments and increasing the size of the vector instruction. 

 
Figure 11. Recognition results of the experimental data trained neural network 

 
4.2 Skeleton method 
 
We used skeleton method[5] to extract parameters needed for classification of events from 
measured and processed data. Based on the APSD (Auto Power Spectrum Density Function), 
we constructed a binary image, where each density value corresponds to a black line in the 
picture. The column size in the picture equals to the amplitude at the given frequency in the 
APSD.  
 
Thinning is a frequently used method for extracting skeleton like shape features[5]. Since, 
there is no cavity in the picture produced from spectrum, thinning algorithms produces 
centerlines without any closed curve segments. Moreover, the peaks of APSD function are 
represented by skeletal branches. To find the main frequency components, we removed the 
basic branch from skeletal curve in the bottom (see grey branches on fig.12). By this way, we 



get individual, separated branches, corresponding to the main frequency components of the 
spectrum. 
 
From the spectrum one can extract features partitioning it into ranges with the same size (see 
fig.12) The drawback of such conventional partitioning is that it may split the peaks. 
 

 
Figure 12. The traditional, static spectrum separation 

 

With the help of the skeletal branches, we can partition the spectrum dynamically. First, we 
build skeleton using thinning method. Then we cut the basic line of the skeleton tree, thus we 
get separated branches as it is shown on fig.13 by grey branches. We chose the separators at 
the position of the global minimum between neighboring skeletal branches. This algorithm 
cannot cut important peaks.  
 
Finally, RMS value between separators are estimated and used for training and recognition. 

 
Figure 13. The new, dynamic spectrum separation 



 
5. Summary 
 
Our new AE measuring system presented here has several advantages. First of all it selects 
events using SPRT. This enables to set the uncertainty level beforehand, it finds events buried 
in the high background, and it can find more precisely the real onset of the events. Embedded 
system for sampling and the SPRT event selection reduces the total data amount to be saved, 
which allows to use very high sampling rate without the needs to high data storages.  
 
All these premises open the way to find the average spectrum of events and background 
separately. It became also possible to analyse the time dependent spectral components of 
separate events using wavelet technique. 
 
However, this produces hundreds and thousand of parameters if we would use all spectral data 
and time-frequency atoms. Therefore there is a need for intelligent classification algorithms. 
We found the skeleton method to be handsome for selecting a few dozens characterizing 
parameters from estimated spectrum, and we are introducing neutral network for handling the 
large data base and for classification of new events. 
 
Ideas described in this paper have been tested in tensile test, ECAP test [6] and in AE test 
during heating and cooling of TRIP and Co-Mn steels [7] 
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