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Abstract 
 
Acoustic emissions (AE) in a solid body can be used to monitor its structural health. 
Lightweight structures subjected to high and varying load, such as lightweight truck 
frames, are particularly susceptible to fatigue failures. Previous work from the authors 
showed success in the detection of macro- and microfractures in steel samples of truck 
trailer structures during both static tensile tests and dynamic fatigue tests. The physical 
processes that lead to the formation and propagation of cracks typically involve a 
sudden energy release, generating signals that are typically short-lived and span a 
relatively wide frequency range compared to the background noise. In these aspects, AE 
signals exhibit similarities to percussive instruments, although in rather different scales.  
 
This work describes a new music-inspired approach to analyse vibroacoustic data from 
tensile and fatigue tests of steel structures. Its application involves analysing the 
sampled signals both over time and in the frequency domain to detect percussive onsets. 
A time registry of the AE events and their intensities is generated. 
 
The method described was applied in the post-processing of measurement data to 
identify the emergence of cracks. Its success was verified by quantitative comparison 
with previously used detection methods and further examination of the tested samples 
(e.g. metallographic analysis), as described in the paper. The processing steps, relevant 
parameters and their influence on the results are discussed. 
 
 
1.  Introduction 
 
The integrity of a solid structure can be monitored by using vibroacoustic sensors to 
measure structure-borne sound. The sensors will typically generate an electric signal in 
response to vibrations on the surface on which they are placed. Some structural health 
monitoring (SHM) methods, particularly for rotating machine parts, are based on the 
analysis of variations in the natural frequencies of the structure, which can indicate 
changes in its geometry and material properties as well as damage (1,2). Another 
approach to SHM using vibroacoustics is to detect acoustic emissions (AE) caused by 
structural damage such as crack formation or propagation. 
 
Acoustic emission testing has a broad range of applications, from monitoring large 
concrete structures to the aerospace industry. Particularly in the field of transportation, 
there is a constant demand for ever lighter structures. At the same time, the volume of 
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transported goods continues to rise (3), with 3.5 billion tonnes transported by road in 
2016 within Germany alone. Although fatigue cracks can occur even for relatively 
moderate loads (4,5), making the structures of transport vehicles lighter, as well as 
operating under extreme loading conditions, further increases the risk of damage that 
may lead to economic loss and road accidents. 
 
In prior work, different samples of truck trailer structures were subjected to static tensile 
tests until complete failure. Structure-borne sound was monitored during the tests using 
piezoelectric sensors to identify acoustic emissions due to fractures. The AE detections 
showed a strong correlation to simultaneous measurements of stress and deformation of 
the sample (6) and were further validated by posterior metallographic and microscopic 
analysis. Nevertheless, static tensile tests are a rather simple situation regarding acoustic 
emission testing. The background noise generated by the machine, environment, and 
sensor system itself is stable and could have amplitudes orders of magnitude smaller 
than the AE signals originating from the few fracture events. In fatigue tests, on the 
other hand, the periodic movement of the sample and test equipment contributes 
strongly to the structure-borne sound captured by the vibroacoustic sensors. 
Furthermore, fatigue tests tend to lead to a much larger number of microfractures, 
whose acoustic emissions not only have much lower amplitudes than those detected in 
static tests, but the microfractures can also appear periodically, making the 
differentiation between noise and crack propagation much more difficult. 
 
For the approach first outlined in (7) and further explored in this work, the focus is the 
basic physical principles of acoustic emission by fractures: a short, rapid release of 
energy over a broad range of frequencies. Similarly, percussion in (popular) music can 
be characterized by a sudden broadband rise in energy followed by a rapid decay in 
amplitude. Furthermore, other vibrations propagating through the structure during a 
fatigue test (i.e. background noise, for the most part) tend to be restricted in bandwidth 
and oscillate relatively steadily and slowly. In music, the sound of non-percussive 
instruments generally decay more slowly or even remain at a steady amplitude for a 
long time. The frequency range of harmonic instruments is well defined, mostly 
restricted to integer multiples of the fundamental note played. These descriptions are, of 
course, generalizations and not strictly always valid (e.g. staccato is also characterized 
by rapid rise and decay). 
 
The difference between percussive and harmonic instruments can be illustrated in the 
spectrogram of a music segment sampled at 44.1 kHz with 16 bits per sample, shown in 
Figure 1, where drums (bass drum, hi-hat, snare drum) create vertical ridges along the 
entire frequency range. Sounds from piano and bass appear as sharp horizontal lines 
mainly restricted at frequencies below 5 kHz. Vocals give rise to smoother higher 
frequency components (starting at approximately 1.5 seconds in the sample) due to 
labial and fricative sounds often present in human voice as well as noise-like aspiration. 
Such a contrast of the particularities in time and frequency is the basis of various 
methods for music processing and analysis, for example to implement rhythm mapping, 
or isolating and separating instruments in a track for further independent processing. 
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Figure 1. Spectrogram of a musical segment. Vertical ridges spanning most of the frequency 
spectrum correspond to percussion (bb: bass drum; hh: hi-hat; sd: snare drum), while other 

instruments appear mainly as sharp horizontal at mid- and low frequencies  
 
 
2. Method 
 
The detection method presented is based on rather simple percussion separation 
algorithms used in music processing, particularly on the generation of what Barry et al 
(8) called a percussive temporal profile (PTP), in order to automatically detect acoustic 
emissions while ignoring variations in noise. To do so, the algorithm described first 
takes as input a digitized signal from a vibroacoustic sensor. A constant and known 
sampling rate is assumed, so that a mere arbitrarily long vector of amplitude values 
represents the source signal. In the initialization stage, the spectrogram of the input 
vector is generated using a number f of frequency bins for a number N of time instants. 
It can be seen that f is restricted only by the sampling rate of the original signal, while N 
is determined by the signal’s length and the desired window size of the spectrogram. A 
“pseudo-cut-off frequency” fc can be also defined, whereby frequency bins below fc are 
discarded for the calculations in the following stage. Since the operations in the iterative 
stage will be additive, as described below, setting fc is equivalent to setting the intensity 
of bins below fc to zero. This is not meant to emulate an ideal low-pass filter, but to 
limit the detections to frequency ranges where AE can be found. A threshold TPON for 
detecting a percussive onset is defined. 

 
In each step of the iterative stage, starting at i = 2 until i = N, the intensity y of the 
spectrogram is analysed for each frequency bin j at the instant i and at the previous 
instant (i−1) and the log of the difference is calculated, i.e. 
 
                                                � , = 20 log |� , − � − , |.                                          (1) 
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For each instant i where Si,j ≥ TPON for at least one frequency bin, the value of i is stored 
in an index-value matrix along a corresponding value P, which is the number of bins 
where the threshold is crossed. The maximum value of P is therefore equal to f−fc., and 
the maximum dimensions of the index-value pair matrix are 2 × (N−1). It can be seen 
that P will be non-zero only when an onset is detected. However, acoustic emissions 
cannot be detected only by detecting onsets. The value of P becomes important to 
determine how wide a range of frequencies that onset spans. Depending on the nature of 
the phenomena being monitored or the type of damage expected in the test material, an 
additional threshold TDET can be set, so that only instants with P ≥ TDET are considered 
to correspond to AE events. Furthermore, the method is insensitive to sudden signals 
restricted to narrow bandwidths, regardless of their amplitude. Thus, through an 
adequate combination of fc, TPON and TDET, acoustic emission events can be detected. 
 
3. Results 
 
3.1 Experimental details 
 
Samples of a steel structure were subjected to static tensile tests as well as fatigue tests. 
During fatigue tests, the machine applied a force between 1 – 10 kN at a rate of 10 Hz. 
During static tensile tests, the starting force was 1 kN, increasing linearly until failure. 
The samples were sections cut out of a light trailer frame’s longitudinal beams, 
corresponding to the parts of the frame where empirical data regarding damage 
indicated higher probability of cracks appearing. Additional static tensile tests were 
performed on plain samples of the structure’s base material, 4 mm-thick S700MC steel. 
Strain gauges were used to monitor stresses in the specimen, while displacement sensors 
in the test equipment itself provided an indirect measure of the deformation of the 
sample. These data were used to assess the validity of the damage detection using 
structure-borne sound. 
 
Piezoceramic sensors were attached to the samples either with screws or magnets. In 
either case, a high-viscosity silicone paste was applied between the sensors and the 
sample, in order to improve the acoustic coupling. For the measurements considered in 
this work, two models of sensors were used: the O-WT-19 from QASS GmbH, 
connected to a preamplifier and analog-to-digital converter from the same company, and 
the VS150-RIC from Vallen Systeme GmbH, which includes an integrated preamplifier. 
The signals were acquired using the QASS Optimizer4D measurement system and the 
Pico Technology’s PicoScope 5444B. Sampling rates were approximately 4 MHz on all 
measurements. The measured data was processed using MATLAB to apply the 
percussion detection algorithms. 
 
3.2 Percussion detection 
 
The outcome of the percussion detection method is exemplified in Fig. 2.  Results are 
shown for data from a static tensile test (left-hand side) and from a fatigue test (right-
hand-side). Time windows were selected where AE was detected. The algorithm was 
performed on both sets of data using the same parameters. The bottom graphs show the 
corresponding temporal profiles obtained. It can be seen that AE emissions originating 
from failures in static tensile tests are exceptionally strong and clearly visible above the 
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background noise even when only the raw signal is considered. On the other hand, the 
AE signals during fatigue tests are very weak in comparison with the background noise. 
In fact, it is not possible to differentiate the signal originating from a fracture event 
merely from the time-domain signal. This particular detection could be confirmed by 
the spectrogram of the interval (Fig. 3), where a broadband event at approx. 50 ms can 
be seen. 
 

 
Figure 2. Examples of measured data (top) and the corresponding outcome of the percussion 

detection method (bottom) for both static tensile test (left) and fatigue test (right) 
 
 

 
Figure 3. Spectrogram of acquired structure-borne sound during fatigue test. 

An acoustic emission (microfracture) can be seen at approximately 50 ms 
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It must be noted, however, that not all AE events during fatigue tests are so clearly 
visible in the spectrogram. Besides, there may be hundreds or even thousands of AE 
events due to microfractures during one test from start until failure. Hence the need of 
an automatic detection method. 
 
The number of threshold crossings obtained for an AE event in a static test was at least 
one order of magnitude higher, in the examples shown in Fig. 2. The signal from the 
acoustic emission in the static test was indeed stronger over a broader frequency range, 
therefore the result was not unexpected. Higher threshold values could be set for the 
static test and still the event was detected. Nevertheless, there is almost no common 
variable between the experiments themselves (different machines, procedures, test 
parameters and environments) to compare the performance of the method or set a 
relation between the adequate parameters for each type of experiment. Moreover, it was 
desired to assess the reliability of the percussion detection approach in comparison with 
other AE detection methods implemented during the same tests (one parametric- and 
one quantitative-based, the description of which is out of the scope of this work), the 
results of which have already been validated (6). The algorithm was therefore applied to 
vibracoustic data previously acquired from several static and fatigue tests. The AE 
count shown in Figure 4 corresponds to three different fatigue tests run for just over 
3000 cycles (i.e. not until complete failure) and were obtained using two different 
detection techniques: the present method and a reference quantitative detection 
algorithm, the threshold for which is set on the value of the signal’s variance in a given 
time window. 
 

 
Figure 4. Number of detections for varying threshold values. Results obtained with either a 

previously validated detection method (triangles) or the percussion detection (circles) approach, 
for three different partial fatigue tests. 
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The number of detections for a given test varied with the chosen onset threshold, as 
expected. If the threshold was too low, the number of detections capped at a maximum 
value, determined by the test length and the number of samples of the spectrogram. 
After a certain value of TPON, the number of detections decreased until, if the threshold 
was set too high, no detections were found. Unlike the total detection count, these limits 
were relatively independent of test length or state of the sample. A comparison of 
absolute number of detections from different experiments is hardly reasonable since 
longer tests tend to generate more single detections, and most acoustic emissions caused 
by crack formation and propagation occur during the first and last stages of the fatigue 
test (9). An adequate range for the threshold value could thus be found (see Fig. 5). It 
can be seen that threshold values too low (below TPON ≈ 22) will always result in an 
unrealistic “saturated” detection count, while too high a threshold will yield no AE 
detection. It is also illustrated in Fig. 5 that static tensile tests tend to result in a higher 
detection count, as discussed previously. The determination of an optimized value 
would depend on further material analysis to estimate as exactly as possible the number 
of microfractures during the test that must have originated AE events.  
 

 
Figure 5. Normalized detection count for fatigue and static tests with varying TPON  

 
 
4.  Conclusions 

 
A percussion-inspired approach was used in this work to successfully detect acoustic 
emissions originating from crack formation or propagation in steel samples during static 
tensile tests as well as fatigue tests. The applicability of the results from laboratory 
experiments in a real-world SHM system can be hindered by several factors, e.g. 
attenuation and dispersion of the signal over large structures, or changing environmental 
noise conditions. These issues and how to overcome them have been discussed 
elsewhere (10) for the particular case of lightweight trailer structures. 
 
The use of the percussion detection method for structural health monitoring is still 
limited by its applicability in real time, which has not been determined. Nevertheless, 
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the concept of adapting algorithms used in music processing for condition monitoring of 
structures has been validated with a rather simple implementation. More advanced 
techniques for harmonic/percussive separation (11-13) could also be adapted into or 
inspire new acoustic emission detection methods. 
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