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Abstract
Correct localization of acoustic emission (AE) sources is a basic requirement in AE 
analysis and consequent evaluation of damage mechanism. The localization procedures 
using  artificial  neural  networks  (ANN)  represent  today  highly  effective,  alternative 
approach  to  classical  triangulation  algorithms.  Nevertheless,  their  application 
possibilities are limited due to several reasons. The main problems are in the collecting 
of sufficiently extensive training and testing data sets together with the non-portability 
of particular trained network to any other object. A new approach is proposed in this 
paper to overcome both limitations. Proposed ANN-based AE source location method 
uses  so-called  signal  arrival  time  profiles,  as  a  new  way  of signal  arrival  time 
characterization, independent on material and scale changes. Under some non-restrictive 
conditions, such approach provides the ANN training on numerical models (i.e., without 
any experimental errors) and allows the application of learned ANN on real structures 
of various scales and materials. This enables considerable extension of ANN application 
possibilities. New method is illustrated on experimental data obtained during pen-tests 
on a steel plate, and its remarkable advantages are discussed. 

Keywords: Acoustic emission, source localization, neural networks.
 

1. Introduction
Acoustic  emission  method  is  widely  applied  in  non-destructive  testing  of  various 
technical constructions. Accurate acoustic emission (AE) source location is the primary 
goal of the defect analysis following the AE signal detection and  the basic requirement 
for  further  damage  mechanism  characterization.  AE  source  coordinates  are  mostly 
determined by common triangulation algorithm based on arrival time differences of AE 
signals recorded by several transducers [1]. The algorithm computes polar coordinates r, 
 of AE source using analytical formulas. Time differences t of AE signal arrival time 
to different transducers are input data of triangulation location algorithm together with 
elastic wave velocity. 
Analytical  formulas  are  known  for  thin  isotropic  plate.  However,  there  are  many 
practical  situations  in  which the triangulation  algorithm fails,  especially  if  the more 
complex structure is tested.  Procedures based on ANN are used in such cases as an 
alternative  approach  to  triangulation  algorithm.  Contrary  to  classical  methods, 
the ANN-based location procedures have two important advantages: there are suitable 
for AE source location in highly anisotropic media and elastic wave velocity is not input 
parameter of the algorithms [1-3].
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The basic ANN based algorithm uses time differences as input parameters similarly to 
common  triangulation  algorithm.  However,  the correct  arrival  time  (signal  onset) 
determination  is  the  crucial  factor  for  the  algorithms  using  time  differences  and, 
therefore,  the  methods  can  give  erroneous  results,  especially  in cases  of  high  noise 
background  level.  To  solve  the  problem,  new  ANN  based  method  for  AE  source 
location was proposed [4]. The method uses common AE signal parameters, such as 
RMS, rise time, maximum signal amplitude etc, representing redundant input data set 
for ANN location algorithm. The algorithm is very flexible, because it enables selection 
of  the  best  set  of  location  parameters  in  each  specific  situation.  Nevertheless, 
the sensitivity  analysis  of  trained  neural  networks  has  extracted  RMS  parameter 
as the most significant signal feature suitable for AE source location, which corresponds 
with the basic features of dispersive elastic-wave propagation. The information about 
the source location, which is hidden in energy parameters, can be better extracted when 
we use certain modifications of RMS signal parameter, as it was shown and successfully 
tested in [4].

Contrary to the computational power of ANN's, their application possibility is strongly 
restricted due to several reasons. The first problem is collecting of sufficiently extensive 
training  and testing  data  sets,  which  may  be  too  much  time  consuming,  expensive 
or even  impossible  in  many  practical  cases.  The  next  important  reason  is  the 
non-portability  of  particular  trained  network to  any other  situation.  ANN should be 
learned and applied in exactly the same task only, i.e. the similar computation in the 
same input-output  parameter  space is  required.  Hence,  the above mentioned method 
using RMS signal parameter for AE source localization doesn't represent the suitable 
solution.  
To solve both above problems of ANN-based AE source localization, a new approach 
was currently proposed. This  innovative localization method uses new way of signal 
arrival time parameterization (called signal arrival time profiles), independent on the 
material  and  scale  changes.  Under  some  non-restrictive  conditions,  such  approach 

Figure 1. Demonstration scheme of AE signal measurement (2D model)
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employs the ANN training on numerical model data (i.e., without experimental errors) 
and allows the application of learned ANN on real structures with diverse scales and 
materials. 

2. Arrival time profile (ATP) definition
The new way of signal arrival times treatment is inspired by the preliminary expert 
analysis of AE source location. The whole monitored structure is separated into several 
zones by specific chronology of signal detection by each sensor. In this way, the AE 
sources  can  be  roughly  localized  by  the  table  of  all  possible  AE  signal  arrival 
sequences. To incept the signal detection chronology more precisely, so-called arrival 
time profiles are proposed (fig.2). 

Let's  suppose  hypothetical  configuration  of  several  AE  sensors  placed  on  planar 
material,  e.g.,  as in fig.1, where four selected transducers S1–S4 detect  elastic waves 
emitted by AE sources in various locations. The arrival time profile  (ATP) is a vector 
of numbers pi defined as follows:  

(1)

where Ti is arrival time period (signal propagation time from source to sensor) and T is 
a normalization period representing the length of time interval which AE signal needs to 
pass between two appropriately selected points.  Naturally,  no AE analyzer  measures 
those arrival time periods Ti before the precise AE source location is done. Only the AE 
signal arrival  times  ti are available.  Nevertheless,  if  we assume  ts as the time of AE 
source inception, it is easy to revise the original formula, while Ti = ti - ts :      

(2)
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Figure 2. Arrival time information processing
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3. Independence of ATP on wave velocity and scale changes
Let's denote di the distance between AE source and sensor, and d the distance between 
two appropriately selected points, identical as in the case of normalization time period 
T (1).  By stepwise  substitution  of  relations  t i = d i /v  and  d  i= s⋅d  i

'  to  (2)  we 
obtain:

(3)

where  v is  the  elastic  wave  velocity,  s represents  the  scale  change  ratio  and 
d'(i) corresponding distances in new scale. It is obvious that due to removing terms with 
v and s, arrival time profiles are independent on elastic wave velocity and structure scale 
change.  Moreover,  these  new  parameters  can  be  calculated  by  arrival  times  ti 

or distances  di using  respective  normalization  time  period  T or  distance  d. 
In consequence of such "universality", neural networks can be trained with numerically 
computed  data  calculated  from  the  distances  measured  on  proportional  model 
of considered structure and, afterwards, tested by processed real arrival times.    

4. Theoretical aspects 
Newly proposed parameterization using arrival time profiles was numerically tested and 
compared with thus far successfully used approach exploiting arrival time differences. 
Training data were computed for theoretical case of thin plate of any isotropic material 
and scale. The configuration of the three or four considered sensors is shown in fig.3. 
The rectangular domain from 100 to 950 and from 100 to 700 units of the scale was 
taken into account for  x and  y coordinate,  respectively.  Whole area was covered by 
equidistantly spaced points having 5 units of the scale between each other. For all such 
virtual  AE  sources,  the  distances  to  considered  sensors  were  computed  and, 
consequently,  equation  (3)  was  applied.  Before  neural  network  learning,  data 
standardization  was  realized.  The  two-hidden-layer  backpropagation  networks  were 
trained to estimate the original coordinates of AE source using corresponding arrival 
time profile. Finally, all training points (their arrival time profiles) were projected by 
neural network into original area (see crosslets in fig.3).      
Many theoretical experiments proved that both approaches, coming from arrival time 
profiles or differences, give very similar results in accordance with the network learning 
speed, input sensitivity and final mean square error (MSE) of network outputs. Possible 
little variances of outputs are caused rather by different versions of trained networks, 
than by arrival times parameterization method. However, the parametric space of time 
profiles provides many advantages. Beyond the mentioned portability to another scale 
and  material,  it is  more  robust  with  regard  to  input  errors.  Due  to  the  subtraction 
of arrival  time  mean  (1),  the  error  of particular  signal  edge  determination 
is consequently spread out to all inputs.        
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It is well known that 2-D location of AE sources by triangulation algorithm using three 
transducers is ambiguous [5]. In fig.4 the two triangle configurations (rectangular and 
equiangular) of transducers are drawn. There are marked out areas of ambiguity for both 
configuration cases. Any AE source in dark gray area has the same time differences 
corresponding to source in light gray area and vice versa. The problem is usually solved 
by exploitation of four transducers, while two different triplets of transducers are used 
in  triangulation  algorithm.  However,  theoretically  it  is  still  not  a correct  solution, 
because  the  area  of  ambiguity  is  only  reduced  to  insular  points.  Nevertheless,  the 
probability of such AE source location is close to zero in the real world. 

Now,  if  we  take  into  account  the  theoretical  ambiguity  "behind  the  three  sensors" 
in fig.4,  it  is possible to interpret  the erroneous cumulation of crosslets in analogous 
problematic areas in fig.3. If one pair of time differences corresponds to different AE 
source locations, neural network cannot interpret such relation, since it is possible only 
in a case of functional dependencies. However, the problem can be easily solved using 

Figure 3. Theoretical AE source location experiment
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Figure 4. Ambiguity of 2-D AE sources location using 3 AE transducers



more dimensional time profiles, i.e.,  by one or more additional sensors. Afterwards, 
there  are  no  problems  with  ambiguity  (as it  is  visible  in  fig.3).  The  higher  errors 
in corners  of  considered  testing  area  are  caused  by  closeness  of  points  behind 
the sensors in respective (time profiles or differences) parametric space.    

5. Practical results 
To illustrate the advantages of new AE source location approach, basic experiment has 
been performed. The task was to localize pen-tests on a steel plate (40x40x4cm) by 
neural  network  using  arrival  time  profiles.  The  2-D  scheme  in fig.5  shows the 
asymmetric  configuration  of four  transducers  and  considered  square  training  area. 
Neural network with two hidden layers having 39 and 17 neurons was learned by 121 
numerically  computed  arrival  time  profiles  using  eq.  (3)  corresponding  to  all  cross 
points of the dashed lines in fig.5. As the normalization width, the distance between the 
sensors 1 and 3 was taken. During learning process, weights and biases of the network 
were iteratively adjusted by fast resilient backpropagation training algorithm, while the 
generalization-improving regularization was applied.  Finally,  the achieved MSE was 
less than 0.001 and the pattern of training points projected by ANN was similar to right 
part of fig.3.     

Figure 5. 2-D scheme of experimental configuration and pen-test location results

5 10 15 20 25 30 35

5

10

15

20

25

30

35

+

x [cm]

y 
[c

m
]

trained area

S1
S2

S3

S4
referential pen-tests



Trained  neural  networks  were tested  with  real  experimental  data.  Three sets  of  AE 
signals  recorded  during  pen-tests  at  coordinates  [12,12],  [22,18]  and  [16,26]  were 
obtained. The arrival times of each group of 35 signals were determined by expert edge 
detection algorithm [6]. For estimation of the normalization time interval T , additional 
10 pen-tests  were performed.  The referential  location was chosen at  the virtual  line 
passing through the sensor 1 and 3, outside their join (see fig.5). The mean of respective 
arrival time differences was the estimate of period T. Finally, arrival time profiles were 
computed by formula (2).   
While analyzing the localization results,  it  is necessary to consider the experimental 
measurement inaccuracies, mostly caused by the signal edge determination errors. Its 
average  value  moves  around  a  half  of  signal  period,  i.e.,  typically  about  20  signal 
samples, which means 2.5s at sampling frequency 8MHz. AE signals were recorded by 
universal  AE  analyzing  system  DAKEL-XEDO©,  whereas  the  channel  time 
synchronization  error  of simultaneous  triggering  was  2s.  If  we  take  into  account 
longitudinal  wave velocity 4600m/s,  signal arrival time determination and triggering 
time  errors,  we obtain  expected  minimal  linear  localization  tolerance  20.7mm.  This 
a priori information corresponds well with the real experimental results (see fig.5). The 
most of crosslets are from the original pen test location not far than 2cm. The mean 
of output coordinates differs from the correct location by 3-4mm. Thus, it is evident, 
that  the  relative  majority  of location  error  is  caused  by  experimental  measurement 
inaccuracies,  not  by  the  low  arrival  time  profile  robustness,  or  neural  network 
approximation variance.       

6. Conclusions
A  new approach to AE source location  is introduced in this  contribution.  Described 
algorithm is  based  on  neural  networks  exploiting  newly  defined  signal arrival  time 
profiles (ATP). This innovative way of AE signal arrival time  relativeness facilitates 
considerable extension of ANN application possibilities in praxis.  Several preliminary 
experiments  with  data  measured  on  a steel  plate confirmed  advantages  of  such 
approach. Main aspects of the method can be summarized into following points:
● The  new method  is  inspired  by  the  preliminary  expert  analysis  of  AE  source 

location  exploiting  the signal  detection  chronology.  To incept  such information 
more precisely, so-called arrival time profiles were proposed.

● Arrival time profiles enable numerical generation of sufficient ANN training data 
with optimal precision and no measurement errors. Afterwards, trained networks 
can be successfully tested on data coming from real experiment.     

● Due  to  the  division  by  normalization  time  period,  arrival  time  profiles  are 
independent  on  elastic  wave  velocity  and  structure  scale  changes.  Hence,  the 
trained  neural  networks  are  applicable  to  all  proportionally  identical  structures 
of any isotropic material.

● Theoretical experiments proved, that the new approach gives results analogical to 
the method coming from arrival time differences. Possible little variances of output 
source coordinates are caused rather by different versions of trained networks, than 
by used arrival times parameterization method. 



● The time profiles parametric space  is featured by robustness regarding the input 
errors. The subtraction of arrival time mean distributes one particular signal edge 
determination error to all inputs, which reduces the global input error.

● The new AE source location approach based on neural network using arrival time 
profiles was illustrated on simple experiment pen-test experiments on a steel plate.

● Resulting  real  localization  error  corresponds  well  with  the  experimental 
measurement inaccuracies, i.e. it is not caused by neural network approximation 
variance. 

● The arrival  time  profiles  method has  been  proven as  portable,  robust  and easy 
applicable ANN-based algorithm for AE source location.    
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