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Abstract
In the last years acoustic emission (AE) became an important part of structural health or condition monitoring 
systems. AE analyzers for that purpose should provide longtime continuous signal records with relatively high 
sampling frequency.  Recorded huge data must be analyzed to disclose any faults in monitored processes or 
structures like, e.g., leakages in pressure vessels or defects in rotating machines and gearboxes, etc. Fast and 
reliable AE signal processing and analyzing methods, different from that used for burst AE, are required. In this 
paper we present such analysis of continuous AE recorded during tests of renovated helicopter gearboxes. Four-
channel continuous AE recording system with 4 MHz sampling rate was used in the tests performed under  
variable “flight” simulation regimes. As an alternative to classical spectrogram analysis, we proposed to use 
histograms of time intervals between crossings of threshold amplitudes (multilevel counting) in the wavelet  
decomposition component parts. The advantages of proposed AE signal processing are illustrated and discussed 
on long-time AE records. Continuous AE monitoring together with low frequency vibration analysis can be an 
integral part of the helicopter in-flight SHM system.
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1.  Introduction

Early diagnosis of a material failure is one of the crucial interests in various industries.  The 
recent research shows that the method of acoustic emission (AE) can be efficiently applied as 
an useful non-destructive diagnostic tool in condition monitoring (CM) of complex machines. 
The principal  advantage of  AE comes  from its  high sensitivity.  Since AE is  produced at 
microscopic level, it is more sensitive to detection of mechanical integrity loss as compared to 
the well-established vibration monitoring technique. The main disadvantage of AE using is 
attenuation experienced over distances and particularly across interfaces. This paper concerns 
the  use  of  continuous AE signals  to  health  diagnosis  of   rotating  machinery,  particularly 
helicopter gearboxes. The commonly used basic approaches and recent algorithms for AE 
records analysis were summarized in [1].  It is evident that the AE technique is able to detect 
smaller defects in comparison to vibration measurements [2] and can provide earlier detection 
over vibration monitoring for pitting of gears. The information in recorded experimental data 
(AE signals) shows how the  AE characteristics change over time and so  it  can be used as 
diagnostic measures  while the health of the structure progresses from new to faulty (e.g., 
pitting damages on gear teeth) and finally to a failure. 

In the last few years, new methods have been proposed to overcome the complexity of the 
signals generated by rotating machineries and its  eventual faults.  The basic  algorithms as 
Fourier  spectral  analysis  together  with  cepstrum,  envelope  and  time-frequency  analysis 
(spectrogram and wavelet transform) were extended by advanced methods based on statistics. 
For the detection and diagnostics of gear faults under varying load conditions using the gear 
motion  residual  signal,  a  robust  model-based technique  was introduced in [3].  It  exploits 
a noise-adaptive Kalman filter-based auto-regressive (AR) model fitted to the gear motion 
residual signals in the healthy state. This technique is independent of load and able to yield 
a more  reliable  and  stable  measurement  of  the  examined  gear  state  under  varying  load 
conditions. Alternative diagnostic models could be developed by using of decomposed gear 
motion  signals  [4],  alternative  advanced  time  series  modelling,  or  more  robust  statistical 



measures. In next chapters, let us introduce new methods based on fundamental and simple 
algorithm established in  field  of  AE data  processing  [5,  6],  so  called  counting  of  signal 
threshold crossings.

2.  Threshold counting of AE signals

The purpose of AE signal parametrization is to reduce registered signal waveform data into 
the  lowest  possible  number  of  signal  features  carrying  maximum  of  important  signal 
information  in  the simplest  form.  One  of  the  oldest  and  most  common  parametrization 
methods  in  the  AE  analysis  is  the  threshold  counting  (TC)  of  AE  signal  crossings  of 
predetermined  voltage  levels.  The  number  of  threshold  counts  Nc or  count  rate,  dNc/dt, 
simply  characterizes  both  the  continuous  and  burst  AE  signals  in  time  domain.  TC 
substantially reduces information about AE signal, and saves good knowledge on the global 
AE activity. TC methods are very effective as simple devices and/or digital signal processing 
(DSP) procedures can be used for AE detection and quantitative evaluation. As a standard 
approach we can assume the dual TC (low and high amplitude threshold level), as it allows to 
distinguish  solitary  high  amplitude  signal  bursts  in  quasi-continuous  AE.  However,  in 
practice, it is not easy to set the proper values of counting thresholds in advance, especially in 
case  of  unpredictably  changing  signal  amplitudes.  Some  modern  AE devices  allow  user 
selection of the number and particular values of counting levels.  For optimal covering of 
possible  signal  amplitudes  let  us set  the  levels  as  a basic  number  c to  the power  of  (-k) 
multiplied by the maximum possible value of signal amplitude (see fig. 1).  

Fig. 1: Multilevel threshold counting. 

Multilevel threshold counting can be also used for  a  new way of analysis  of periodicities 
within various signal amplitude modulations. Let us define the “histogram of count periods“ 
(HCP)  as  the  histogram of  the  time  intervals  length  Ti (see  fig. 1)  between  each  signal 
passings through the particular counting level in direction from zero. Fig. 2 illustrates the case 
of mono-frequency sine with periodic amplitude modulation. It is evident that the classical 
power spectral density (PSD) estimate does not affect the amplitude changes in signal record 
as needed. Conversely, the HCP on appropriate level shows the statistics of threshold crossing 
periodicities more concisely. In the right bottom corner of fig. 2, we can see the eight HCPs 
(shaded by values) corresponding to each counting level. 
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Fig. 2: Fourier transform vs. histogram of count periods.

3.  Selection of optimal counting levels

The  crucial  question is which  counting level is the most predicative.  A possible solution of 
this  problem may be  to  choose  a  particular  level  inducing  the  highest  diversity  of  count 
periods. As a measure of “diversity”, standard deviation (STD) and entropy of count periods 
were considered. Entropy S is computed by the standard Shannon's definition:
 

(1)

where numbers pi are the relative frequencies of count periods in analysed signal section. The 
sum goes through all existing periods, i.e., the zero histogram values are not considered.

Detailed comparison of both above mentioned approaches is illustrated by next figures. Fig. 3 
shows a typical part of AE record and finely spaced (parameter c=1.1) counting levels. It is 
evident that the optimal level selected by maximal STD cuts the signal near its amplitude (i.e., 
not too often), while entropy ensures the selection of more meaningful level that indicates 
signal changes very well but does not induce “too hard clipping”. The lengths of counting 
periods  captured  by lower  levels  (especially  close  to  zero)  tend  to  be  more  regular  and, 
accordingly, less predicative. Furthermore, fig. 4 proves better stability of level selection by 
entropy due to its more gradual behaviour around the maximum. It is also clear that for the 
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satisfactory estimation of optimal counting level it is not needed to analyse the counts evolved 
by too large number of selected counting levels.        

Fig. 3: Selection of optimal counting level.

Fig. 4: Dependence of entropy and standard deviation of counting periods on counting level.

4.  Processing of experimental data

Above mentioned methods (especially the countogram) were proposed for analysis of long 
time AE records captured during running-up tests of renewed helicopter gearboxes in LOM 
Praha company test-rooms. For data acquisition, Dakel IPL device and four sensors IDK-09 
were used.  Locations  of  sensors  were consulted with gearbox service experts.  Four  most 
critical machine parts were selected (main rotor bearing, planet gear and L&R gas turbine jet 
clutches - see fig.5) and the sensor were placed as close as possible on the surface of  the 
gearbox. Detailed description of experimental set-up and initial data processing (computing 
RMS envelope, spectrograms and wavelet TC) is specified in [1]. 
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Fig.5: Test room: renewed gear box running-up.

Every  renewed  gearbox  should  go  through  prescribed  operating  states,  so-called  “flight 
modes”, which differ by transmitted power from turbo jets to rotors and cooling devices. The 
typical shape of recorded signal from each of four AE channels during “L&R nominal“ mode 
presents fig. 3. For basic overview of the dependences between the gearbox loading modes 
and detected emission activity, envelope of RMS parameter (signal energy per 25ms blocks) 
was  computed  for  each  channel.  The  immediate  RMS  magnitudes  during  one  short 
running-up test are shown in fig. 6. It is evident that the intensity of AE measured by the RMS 
parameter is influenced directly by the power of two gas turbine jets.  

Fig. 6: Envelope of RMS parameter during flight mode changes.
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5.  Definition of “countogram”

As an analogy to  spectrogram,  it  is  possible  to  compute HCPs for  blocks  of  signal  with 
constant time length. The result is 3D data, so-called “countogram“ (see fig. 7). This approach 
should provide gain-independence of signal processing,  i.e.,  varying amplification of signal 
does not change the results of its analysis and solves the problem of proper setting of counting 
levels.  In identical time intervals similar to case of RMS parameter, also relevant HCPs of 
recorded signals were evaluated. It is evident (see fig. 7) that the length of captured periods of 
signal modulations mostly does not exceed 10us, which corresponds with the signal frequency 
100kHz. If these modulation changes have a relatively high amplitude, simple thresholding is 
not efficient to capture other periodicities occurring in the signal.        

Fig. 7: Countogram of AE record.

Fig. 8: Spectrogram of AE record.
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To  compare the new method with  the  classical  illustration  of time changes  of  frequency 
content, also corresponding spectrogram of identical signal record (AE sensor placed close to 
main rotor  bearing)  is presented  (see fig. 8).  It  is  noticeable that  excepting the  vibrations 
captured as well as by countogram, the spectrogram shows much higher frequencies. Hence, 
multi-band  threshold  counting  should  provide  considerably better  and  more  complex 
information (see next chapters).

6.  Utilization of wavelet transform - “combined countogram”

So  as  to  have  a  possibility to  capture  modulation  changes  of  various  frequencies,  it  is 
necessary  to  analyse  original  signal  in  separate  spectral  bands.  As  a  fast  algorithm  of 
decomposition,  the  wavelet  transform  was  used  [7].  Such  successive  analysis  enables 
thresholding in specific complementary frequency bands. Fig. 9 shows the typical scheme of 
five-level  wavelet  decomposition with  particular shapes  of  original  signal  and  resulting 
components.  

Fig. 9: Demonstration of wavelet decomposition.

As the wavelet decomposition components Di and Ai (see fig. 9) are complementary within the 
meaning of contained frequencies, the countograms corresponding to each wavelet level can 
be summarized into one “combined countogram“ that can be regarded as a map of signal 
periodicities and, in consequence, as a unique pattern or “ultrasound print” of AE source. 
Next  two  figures  (fig. 10  and  fig. 11)  show  combined  countograms  varying  only  by  the 
method of optimal counting level estimation. It is obvious that the level estimated by maximal 
entropy  of  periods  between  counts  leads  to  much  more  apposite  picture  with  good 
visualisation of gearbox operation mode changes.  

Next step concerning the  development of continuous AE processing  by means of  statistical 
analysis of counting periods should be  the proposal of combined  countograms evaluation, 
especially  its  relation  to  actual  structure  health.  However,  due  to  the  lack  of  detailed 
information about possible imperfections or defects inside tested gearbox and no possibilities 
to prove some hypotheses in case of damaged machinery (not at disposal for testing), only 

ORIGINAL SIGNAL

... low-pass filtration

... high-pass filtration

detail wavelet components

approximation wavelet components



both clutches were compared. The left and right clutches should be identical mechanical parts 
in healthy state,  however,  they produce very different ultrasound (see fig. 12 and fig. 13), 
probably due to small internal imperfections that are not similar in both parts. This fact is very 
promising for designing of the gearbox SHM system in future. 

Fig. 10: Results by “STD” method.

Fig. 11: Results by “entropy” method.
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Although the computation of countograms is a method that should be further verified, it is 
already demonstrable  that,  in  comparison with classical  spectrogram, it  brings  completely 
new information, namely by a simple and illustrative form. The question for future research is 
whether the developed method is suitable for classification of various types of mechanical 
devices defects and how to make decisions about their operation efficiency.

Fig. 12: Results by “entropy” method for case of left clutch.

Fig. 13: Results by “entropy” method for case of right clutch.
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7.  Summary

A new methodology of  large  continuous  AE records  processing by statistical  analysis  of 
counting periods was proposed and tested. The threshold counting in wavelet domain [5] was 
further enhanced and, as an alternative to spectrogram, so-called “combined countogram” was 
defined. Trivial algorithms finding the crossings of the signal through optimized thresholds in 
various wavelet decomposition levels enables to describe the signal changes in dependency 
with the flight  modes better  than simple observing of RMS parameter  or  more advanced 
spectrogram. Detected singularities and dissimilarities between the signals originating from 
the two mechanical components of the same type proved relatively high sensitivity of AE 
methodology to detect possible fatal damages already in early phase of progress. AE method 
and proposed algorithms seem to be sensitive enough in order to  be a part  of  diagnostic 
systems.
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