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Abstract 
 

The purpose of the study presented in this paper is to evaluate whether the probability distri-
bution of AE features can be used to provide a timely warning of impending failure in CFRP 
composites subjected to multi-axial cyclic loading.  The probability distribution of each feature, 
as a function of lifetime, is estimated from experimental AE data.  A warning is given if the 
value of the AE feature is likely to belong to a distribution close to failure. 

 
The paper presents a new AE feature – a trough-to-peak pattern feature.  The trough-to-peak 

pattern feature is compared against hit-based and frequency-based AE features frequently used in 
the literature.  Of all the AE features studied, only the probability distributions of few trough-to-
peak patterns can be separated.  Furthermore, the evolution curves of these patterns have a sali-
ent slope change at around 60% of the lifetime, but the curves of other AE features have only a 
significant change in the last 5-10% of the fatigue life.  Hence, the results show that valuable in-
formation can be extracted from the "rhythm" of AE features. 

 
Introduction 
 

Fatigue in a carbon fiber reinforced polymer (CFRP) composites is a stochastic process in-
fluenced by several random factors such as material variations, manufacturing variations and in-
service variations.  In addition, fatigue is also influenced by the orientations, locations and the 
type of the damage mechanisms introduced in the composite.  The high damage tolerance of 
composites means that composites are able to meet their in-service requirements for a prolonged 
period of time while damages accumulate and grow. 

 
Acoustic emission (AE) testing is a non-destructive condition monitoring technique, which 

can be used for in situ monitoring of composite fatigue.  Acoustic emissions are transient stress 
(pressure) waves, which are generated by the energy released when microstructural changes oc-
cur in materials [1,2].  The stress waves travel through the composite and when they reach the 
surface, they cause it to vibrate.  AE waves can be measured using sensitive transducers, which 
respond to surface displacements of several picometers.  The AE technique can detect delamina-
tion, matrix cracking, debonding, fibre cracking, and fibre pull-out [1, 3-6].  Hence, the high 
sensitivity of the AE technique may potentially enable early detection of damage. 

 
However, there is no such thing as a free lunch; the high sensitivity of the AE technique 

means that the measured AE signal may contain a high number of AE transients from sources in 
both the composite and the environment.  The sources in the composite include damage growth, 
rubbing of crack surfaces and friction between the fibres and the matrix due to their different ma-
terial properties.  The varying material properties will result in an anisotropic speed of propaga-
tion [7].  In addition, reflection and attenuation of the AE waves add to the complexity.  Attenu-
ation can be caused by geometric spreading, dispersion, internal friction and scattering [8].  
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Furthermore, the AE waves from damage growth can be buried in the AE generated by the fric-
tion and rubbing of crack surfaces [2].  As a result, multiple AE transients with varying ampli-
tude, duration, and frequency can be emitted in each cycle and simultaneously.  The values of the 
AE signal features from cumulated damage usually fall in the same range as those that result 
from damage growth [9,4].  Hence, a reliable detection of imminent failure while minimizing 
false alarms is a challenging task. 
 

In this paper it is proposed that a timely warning about imminent failure can be issued by 
using the probability distribution of a suitable AE feature.  In order to investigate this, experi-
mental AE data acquired during cyclic testing of 75 prosthetic feet is used and AE features are 
extracted from the data.  The probability distribution of each AE feature is estimated as a func-
tion of lifetime.  A failure warning is given if the value of the AE feature is likely to belong to a 
probability distribution close to failure.  The AE features are evaluated by how well the esti-
mated probability distributions at 50% and 95% of the normalized lifetime can be separated.  
Several well established AE features in the literature are studied and also a trough-to-peak pat-
tern feature.  The trough-to-peak pattern, which is presented in this paper, is a combination of 
two features which were recently proposed by the authors [10] and used for tracking the loca-
tions of individual AE sources using a methodology introduced in reference [11]. 

 
AE Features 

 
In this study, AE hits are located and determined using a procedure that was described in de-

tail in [12].  Figure 1 shows a flow chart of the procedure.  In the first step, the acquired AE sig-
nal is processed in order to extract descriptive features for detection.  The resulting signal is 
called a detection function, or novelty function, and can be in any suitable domain of interest, 
e.g. time and time-scale/time-frequency domains.  For detecting and locating hits, the detection 
function is input to a peak-picking algorithm that automatically detects and locates hits based on 
the trough-to-peak difference of local troughs and peaks.  The peaks and troughs that have 
trough-to-peak difference below a specified threshold, Ttp, are filtered out.  In the final step, the 
detected transients are compared against a threshold, TAE, both to locate the hits more accurately 
and to filter out weak hits. 

 
In this study, the detection function is the temporal energy of the AE signal in the time-

frequency domain.  The function is computed using a short-time Fourier transform (STFT).  Fig-
ure 2 illustrates the procedure.  The STFT-based detection function is computed using a segment 
size of k = 128 samples and d = 120 sample overlapping.  The hits are located by setting the 
trough-to-peak threshold, Ttp, to 304 dB V-s and determined by setting the determination thres-
hold, TAE, to 3 mV.  With these settings an AE failure criterion equivalent to the 10% displace-
ment failure criterion was designed in [12].  Once the AE hits are determined, the hit-based fea-
tures can be determined. 

 
AE Hit Patterns  

Hit and ring-down counts have been used extensively for interpreting AE data.  Both are pul-
sations in the signal, but on different time scales.  The success that has been achieved using these 
two features provided an impetus for the authors to investigate whether the information provided 
by the timing between the pulses could be used to provide valuable additional information. 

 
In “On Using AE Hit Patterns for Monitoring Cyclically Loaded CFRP” [10], the authors 

introduced two features for this purpose and used them for tracking the locations of multiple AE
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Fig. 1.  Flow chart of the AE hit determination procedure. 

 

 
Fig. 2.  Illustration of how the STFT-based detection function is generated. 

 
sources relative to the phase of a reference signal.  These two features are the inter-spike interval 
(ISI) feature and the hit pattern feature.  The ISI feature is the time between two sequential hits 
and the hit pattern feature is essentially a technique for fusing AE features, extracted from each 
AE hit, and for finding and locating patterns which appear within the fused data representation. 
  

In this study, a new feature is made by combining these two features.  The new feature is 
called a through-to-peak pattern feature.  It is computed by first determining the time from a 
trough to a peak (and also from a peak to a trough) for each AE hit, then coding the results and 
then counting the occurrences of all patterns found in the coded representation.  A trough-to-
peak interval is a variant of the Inter-spike Interval (ISI).  It can also be recognized to include 
variants of two commonly used AE hit-based features, namely the rise time and the fall time.   
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Fig. 3.  The first step in computing the hit pattern feature is the generation of the coding vector 
for the signal segment. 
 

The AE hits are located using the procedure described above, but no determination is per-
formed, i.e. the determination threshold TAE is set to 0 mV.  This means that the threshold will 
not filter out weak hits.  Figure 3 illustrates how the trough-to-peak feature is coded into a coding 
vector.  The trough-to-peak intervals, in µs, are quantized by using a natural logarithm and 
rounding the result to the nearest integer.  Figure 4 explains how the hit pattern feature is com-
puted; by counting how often a certain pattern in the coding vector appears. 

 

 
 
Fig. 4.  The second step in computing the hit pattern feature is to find and count the number of 
occurrences for each hit pattern in the coded representation of the signal segment. 
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The patterns can be of arbitrary integer length containing an arbitrary combination of coded 
trough-to-peak (TTP) and peak-to-trough (PTT) intervals from any number of hits.  For example, 
consider the following pattern of length 5: [TTP1 PTT1 * * TTP3].  In order to match this pattern 
the coded intervals from two hits are required.  The asterisk (*) is a wildcard symbol which 
means that any value is accepted; hence, the required coded intervals are not required to be from 
adjacent hits. 
 
Results 
 

The AE data used for this study was acquired during fatigue testing of 75 nominally identical 
samples of a prosthetic foot called Vari-Flex.  The foot is made by Össur.  In the test, a foot is 
placed in the test machine where two actuators are used to flex the foot using a 90°-phased sinu-
soidal loading.  One actuator loads the forefoot and the other loads the heel.  The feet were tested 
at 1 Hz with 50% higher maximum load amplitude than is used at Össur.  All feet were tested 
until failure.  The failure was defined by a 10% displacement criterion.  The failure criterion is a 
heuristic criterion used in-house at Össur.  It defines a failure when a 10% change in the dis-
placement of either actuator, with respect to initial value, is observed.  Throughout each test, the 
AE data was acquired for one full fatigue cycle every 5 minutes.  The test specimen, the test 
setup, and the experimental procedure used in this study, are described in more detail in refer-
ences [11, 12, 16]. 

 
The goal of this study is to find an AE feature, which can be used to provide a timely warn-

ing of impending failure in a CFRP composite subjected to multi-axial loading.  The failure is 
defined by the 10% displacement-based failure criterion.  In order to achieve this objective, ex-
perimental data acquired during cyclic testing of 75 prosthetic feet is used. 

 
The lifetime of each foot is normalized to 100% according to the 10% displacement failure 

criterion.  The probability distribution, of the feature values at each percentage point is estimated 
by first computing the feature from all measurements, for each foot tested, and then generating a 
histogram of the feature values at the given percentage point of lifetime.  All figures in this sec-
tion have a grey area that represents all values that lie within one standard deviation from the 
mean.  Also superimposed on the figures are histograms that show the distributions of the feature 
values at 50% and 95% of the fatigue life.  The AE features are evaluated by how well the two 
probability histograms at 50% and 95% of the normalized lifetime can be separated using an es-
timated Bayes optimal decision threshold.  The threshold is computed using the corresponding 
feature computed from all the tested feet.  Although the Bayes optimal decision boundary does 
not guarantee an error free classification, it gives the lowest error rate [13]. 

 
AE Features in the Time Domain  

Figures 5a and 5b show the average evolution of the AE hit count and the AE signal’s energy 
for all feet tested respectively.  The energy of the AE signal, E, is computed using: 

E =
1
R

x2
i=1

N

∑ Δt,
  

where x is a vector of length N, containing the discrete values of the AE signal.  The sampling 
interval, Δt, is equal to the reciprocal of the sampling rate, or 1/fs.  The reference resistance, R, is 
10 kΩ [14].  As a result, the energy unit is joules (equal to Watts-seconds or volts2-seconds per 
ohm). 
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(a) The average evolution of the AE hit count 

rate.  
 (b) The average evolution of the signal en-

ergy.  

Fig. 5.  The average evolution of the AE hit count and the signal’s energy.  The grey area repre-
sents all values that lie within one standard deviation from the mean. 
 

 

 

 
(a) The average evolution curve for the ampli-

tude. 
 (b) The average evolution curve for the rise 

time. 

 

 

 
(c) The average evolution curve for the ring-

down counts. 
 (d) The average evolution curve for the dur-

ation. 

Fig. 6.  The average evolution of five commonly used AE hit features.  The grey area represents 
all values which lie within one standard deviation from the mean. 
 

Figure 6 shows the evolution of four AE hit-based features.  Each curve is generated by aver-
aging the feature evolution curves from all feet.  The points on the evolution curve for each foot 
are computed by extracting the AE hit features from all hits in a segment and then computing 
their average.  By computing the average, extreme AE hit values may pass unnoticed because a 
few high values will not alter the mean by much.  For this reason, it is of interest to study the 
evolution of the hit features extracted from the hit with the largest amplitude.  Figure 7 shows the 
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evolution of the amplitude, duration, and the rise time of the hit with the largest amplitude from 
each signal segment.  Also depicted in the figure is the amplitude ratio of the two hits with the 
largest amplitudes. 
 
Spectral Features  

Elliptical bandpass filters, each with 25-kHz bandwidth, are used to divide the original 
bandwidth into subbands.  The power in the subbands is computed along with the ratio between 
the two subbands with the largest powers and the ratio between the subbands with the maximum 
and minimum power.  The evolution of four selected subbands and the ratios is presented in 
Fig. 8.   

 
The two histograms for each of the features presented in Figs. 5-8 have nearly identical 

shapes and overlap almost completely.  For this reason they cannot be used to separate the fea-
ture values at 50% of the lifetime from the values at 95% of the lifetime.  Furthermore, from 
these results it can be deduced that the fall time feature cannot be used for this purpose (in fact, 
this was verified).  This is because the duration of a hit is the sum of the rise time and the fall 
time. 
 

 

 

 
(a) The evolution curve for the maximum am-

plitude. 
 (b) The evolution curve for the duration of the 

hit with the maximum amplitude. 

 

 

 
c) The evolution curve for the rise time of the 

hit with the maximum amplitude. 
 (d) The evolution curve for the amplitude 

ratio of the two hits with the highest am-
plitude. 

Fig. 7.  The average evolution of AE hit features extracted from the hit with the maximum ampli-
tude and the amplitude ratio of the two hits with the largest amplitudes.  The grey area represents 
all values that lie within one standard deviation from the mean. 
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Fig. 8.  The average evolution of AE features in the frequency domain.  The grey area represents 
all values that lie within one standard deviation from the mean. 
 
Trough-to-peak Pattern Feature  

Figure 9 shows the average evolution of four selected trough-to-peak patterns of length 2 (see 
Fig. 4 for illustration).  These patterns contain the coded values of the fall time of one hit and the 
rise time of the next adjacent hit. 

 
The evolution curves of these four trough-to-peak patterns have a slope change at around 

60% of the lifetime.  The evolution curves corresponding to the other AE features shown above 
do not have a slope change at this percentage point of the lifetime.  Instead, the evolution curves 
of most of the features shown above change abruptly during the last 5-10% of the lifetime.  This 
abrupt change, however, is not present in the evolution curves for the trough-to-peak patterns.  
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(a) The average evolution of the number of 

occurrences of trough-to-peak pattern no. 
87. 

 (b) The average evolution of the number of 
occurrences of trough-to-peak pattern no. 
94. 

 

 

 
(c) The average evolution of the number of 

occurrences of trough-to-peak pattern no. 
95. 

 (d) The average evolution of the number of 
occurrences of trough-to-peak pattern no. 
102. 

Fig. 9.  The average evolution of the number of occurrences of four trough-to-peak patterns 
computed from the AE segments.  The grey area represents all values that lie within one standard 
deviation from the mean. 
 
Furthermore, as one can observe, the histograms of the number of occurrences at 50% and 95% 
of the lifetime for these patterns can be separated using thresholds. 

 
Table 1 lists the four patterns and the corresponding estimated Bayes optimal decision thres-

holds.  In order to make the patterns more intuitive for the reader, the patterns are augmented by 
placing – and + where the troughs and peaks are located respectively. 
 
Table 1. Four trough-to-peak patterns of length 2. The last column contains the estimated Bayes 
optimal decision threshold. 

 The Pattern Decision Threshold 
Pattern 87 [ 3 – 3 + ] 388. 6 
Pattern 94 [ 3 – 2 + ] 562 
Pattern 95 [ 4 – 3 + ] 64 

Pattern 102 [ 4 – 4 + ] 11. 6 
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Conclusions 
 

In this paper several commonly used AE features have been studied for the purpose of using 
them to provide a timely warning of impending failure.  Furthermore, a trough-to-peak pattern 
feature was presented and compared against the other AE features.  The trough-to-peak pattern 
feature is a pattern of an arbitrary length, containing a combination of rise times and fall times of 
one to several AE hits.  The authors are not aware of any published research on AE where pat-
terns in the occurrences of these two features have been studied. 

 
The evolution curves of the trough-to-peak patterns have a slope change at around 60% of 

the lifetime.  The slope then remains constant until failure.  This slope change is not present in 
the evolution curves for the other AE features.  This suggests that these trough-to-peak pattern 
features are capturing important information from the AE signal, e. g. the slope change may be 
caused by the formation of a damage that grows until failure.  Intuitively, the salient slope 
change can be used to provide an early warning about the health of the composite, and the results 
support this.  The trough-to-peak patterns is the only feature, studied here, which probability dis-
tributions at 50% and 95% of the lifetime can be reasonably well separated using a Bayes opti-
mal decision boundary. 

 
The evolution curves studied in this section are all normalized according to the lifetime de-

termined by a 10% displacement criterion.  Half of the split-toe foot component for some feet, 
however, delaminates before the criterion is met.  This is represented by a minute increase in the 
standard deviation in the last 10% of the lifetime for the energy, amplitude and the subband 
powers. 

 
It has been suggested that AE from cumulated damage can provide valuable information 

about the material health [15].  This type of AE has mainly been regarded as unwanted and many 
attempts have been made to filter it out.  In this study, a few AE features are extracted from the 
AE signals without any attempt to filter out AE from cumulative damage.  These features are the 
energy, the subband powers and the trough-to-peak patterns that gave the best results. 
 

The promising results obtained using the trough-to-peak patterns strongly encourage further 
investigations of ISI and hit pattern features.  Patterns made using different coding, different pat-
tern lengths and fusing of different features can possibly be used to extract more useful informa-
tion from the AE signal. 
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