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� Experiments are conceptualized to
collect specific acoustic emission
signals of different damage
mechanisms by evaluating composite
constituents separately.

� The collected dataset is used to train a
supervised machine learning
classification model with accuracy of
up to 88%

� Signals of a composite tensile test are
classified giving information
regarding location, time, frequency
and intensity of each damage type.

� This approach can be applied to other
materials to build a library containing
characteristic features of different
damage mechanisms.
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a b s t r a c t

Acoustic emission (AE) is a well-established technique for in-situ damage analysis of composite materi-
als. The main challenge, however, is to be able to correlate the measured AE signals with their respective
damage mechanism sources. Hence, an innovative approach to classify AE signals based on supervised
machine learning is presented in this work. At first, the constituents of a composite (fiber, matrix and
interface) are characterized separately and fingerprint information regarding the characteristic AE fea-
tures of each damage mechanism is gathered. This dataset is then used to train a model based on the
k-nearest neighbors algorithm. Model accuracy is calculated to be 88%. Subsequently, AE signals mea-
sured during tensile tests of commercial composites are classified by the trained model. The analysis pro-
vides important information regarding location, time, frequency and intensity of each damage
mechanism. Matrix cracking and fiber debonding are the most frequent damage mechanisms represent-
ing around 40% and 20% of the measured AE hits. Nevertheless, fiber breakage is the mechanism that dis-
sipates the most AE energy (40%) for the studied composite. Furthermore, the presented method can also
be applied together with other techniques like computer tomography, delivering a powerful approach to
understand different multi-phase materials.
� 2023 The Authors. Published by Elsevier Ltd. This is an open access article under the CCBY license (http://

creativecommons.org/licenses/by/4.0/).
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1. Introduction

Combining two or more materials to obtain distinct properties
is the main goal of composite materials. This has been traditionally
done for mechanical applications, in which fibers, whiskers, parti-
cles or even material layers are used to reinforce another material.
The purpose of the reinforcement depends on the type of matrix to
be reinforced [1]. Reinforcing polymers and metals increases their
strength, while reinforcing ceramics increases their inherent low
fracture toughness. In all cases, the final mechanical properties of
the composites will depend on the properties of the constituents,
how the mechanical load is distributed and how possible cracks
propagate through the constituents. Naturally, the concept of com-
posite materials has evolved over the years. Different materials are
now combined to obtain unique properties not only related to
mechanical performance. Hence, composites are now seen in sev-
eral fields of material science such as biological-inspired compos-
ites [2] or composite materials for electronic [3] and optical [4]
applications. The main common point of these composite materials
is that their advanced properties are achieved by their complex,
hierarchical and/or hybrid microstructures. Nevertheless, their
complexity also makes them more difficult to be safely used.
Mechanical and/or thermal loads, as well as the surrounding atmo-
sphere, can damage the more sensitive constituents of a composite
causing them to crack during their application. Thus, it is extre-
mely important to detect such damage as it can potentially lead
to the premature failure of the whole composite component in
service.

Health monitoring and in-situ damage analysis of composites
can be performed using non-destructive techniques like computer
tomography (CT), microscopy, infrared thermography, measure-
ment of electrical resistance or acoustic emission monitoring
(AE) [5–12]; although each method has advantages and disadvan-
tages. For instance, most conventional CT equipments do not have
enough resolution to detect sharp cracks [6]. Microscopes can have
much higher resolution, but the analysis is only 2D, while the dam-
age can be in different planes. Furthermore, both of these imaging
techniques have a compromise between resolution and field of
view [6]. Among the other aforementioned methods, AE is a very
interesting tool since it can detect the exact time that damage
takes place, even from damage sources on the nanometer scale
[13]. This technique consists of monitoring acoustic waves that
are generated by the release of accumulated energy when
microstructural changes like cracking happen [14]. Hence, AE sig-
nals contain key information on the damage source, but this infor-
mation is very hard to decode. In fact, the main challenge of AE
analysis is to be able to relate the measured signals with their
responsible damage mechanism sources [14,15] since multi-
phase materials may show multiple damage mechanisms. Hence,
the ability to properly categorize AE signals is the key to consider-
ably improve health monitoring of complex materials.

In this matter, machine learning has been commonly used to
classify AE signals [14]. Most of the works in this topic rely on clus-
tering of AE signals by unsupervised pattern recognition
approaches. For that, features that describe the AE signals are com-
pared using a variety of identification codes and similar signals are
grouped together [16–19]. Still, the main challenge of relating the
different groups with their respective origins remains, not to men-
tion that knowing the number of possible clusters is a problem of
its own [14]. There are a few approaches to ‘‘handle” this issue,
which normally involve the use of other in-situ observations like
CT and microscopy [11,20–22] or the simulation of AE patterns
[23,24]. Nevertheless, these associations can be rather speculative.
A more direct identification can be made by supervised classifica-
tion [21]. In this case, the data is classified by comparing with pre-
viously classified data, i.e., a training dataset. However, this raises
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another challenge since information regarding cracking of each
constituent of a composite is normally not easily obtainable [14].
For instance, Gutkin et al. [17] characterized carbon fiber rein-
forced plastic composites under various test configurations to pro-
mote different types of damage. Nevertheless, since multiple
damage mechanisms occur at the same time during the different
loadings, a direct classification of the signals was not possible.
Saeedifar et al. [25] used supervised classification to identify which
material fails during the testing of composite-metal joints. Still, the
classification of the different damage mechanisms was not possible
since each material of the joint show multiple damage modes.
Hence, methods to obtain a reliable training dataset to be used
for supervised classification of damage modes within a composite
material are presented in this work. The approach consists of test-
ing each constituent of the composite individually to promote
specific damage mechanisms and obtain their AE characteristics.
This approach allows the correct identification of damage mecha-
nisms during loading of composites. Consequently, this method
can be used to understand damage development under operando
conditions and better conceptualize composite materials for safe
use in service.
2. Methods

2.1. Materials

The material evaluated in this work is a ceramic matrix com-
posite (CMC) provided by the company Pritzkow Spezialkeramik
(Filderstadt, Germany): FW12 composite containing Nextel 610
DF-11 fiber fabrics reinforcing an 85% Al2O3 + 15% 3YSZ matrix.
The manufacturing of the composite was done by slurry infiltra-
tion. For that, a water-based slurry with organic binders was pre-
pared. The fiber fabrics were infiltrated via knife blade coating
and, subsequently, stacked and pressed together. The green plate
was then dried and later sintered at 1200 �C. According to the man-
ufacturer, this composite has a fiber content of approximately
40 vol% and porosity of about 33% [26]. An example photo and
microstructure of the studied material showing the fiber reinforce-
ment directions can be seen Fig. 1(a) and (b), respectively. This
type of composite was chosen to demonstrate the classification
approach since its complex microstructure leads to a material that
shows, at the same time, high strength, thermal stability and dam-
age tolerance. The enhanced damage tolerance is achieved by care-
fully adjusting the microstructure to promote crack deflection
during loading [27]. In other words, it is essential that the cracks,
which initiate in the matrix, should not penetrate into the fibers,
but be instead deflected to dissipate mechanical energy. Ideally,
the following damage mechanisms should take place before the
total failure of the composite: matrix cracking, fiber–matrix
debonding, fiber breakage and fiber pullout [28]. These mecha-
nisms are depicted in Fig. 1(c) showing the CT scan slice of a spec-
imen after tensile loading. To achieve this uncorrelated failure,
CMCs normally have a sufficiently weak fiber–matrix interface or
a porous matrix [29]. However, the optimum concept for compos-
ite microstructure is still a debatable topic, especially without
understanding how crack propagation works.

For the experiments to obtain the training dataset, different
types of samples were prepared here. Nextel 610 fibers (3 M Co,
Maplewood, MN, USA) were used for all experiments. The fibers
were heat cleaned at 600 �C for 2 h in a LHT 04/17 chamber furnace
(Nabertherm GmbH, Lilienthal, Germany) to remove their poly-
meric coating, following the instructions of the supplier. Nextel
610 fiber bundles with 3000 denier were used for fiber character-
ization and for the fiber pullout tests. Single-filament and 10-
filament samples were prepared by extracting individual fibers
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Fig. 1. Studied ceramic matrix composite with fiber reinforcement in � and y directions: (a) Photograph of CMC sample showing fiber pattern. (b) SEM micrograph of CMC
sample showing cross-section of fibers in the y direction. (c) CT scan slice of CMC sample after tensile loading in the y direction. The matrix is the light gray phase, fibers are
the dark gray phase and defects like pores and cracks are the black phase. From left to right, the following damage mechanisms can be observed: fiber debonding, fiber
pullout, fiber breakage and matrix cracking.
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from the bundle and gluing them to paper frames. For the fiber
bundle test, the whole bundle containing approximately 750 fibers
was used. Nextel 610 fiber fabrics DF-11 containing bundles with
1500 denier were used for the production of the composite
samples.

The processing of the matrix for matrix characterization and
composite production was done via the ionotropic gelation tech-
nique [30]. For that, a water-based slurry containing alginate
3

chains as the binder was prepared. Two alginates were used in
equal proportions: protanal LFR5/60 (FMC Corporation, Philadel-
phia, PA, USA) and alginic acid sodium salt from brown algae, med-
ium viscosity (Sigma-Aldrich Chemie GmbH, Steinheim, Germany).
The prepared slurry had a particle content of 50 vol%. Two alumina
powders with different particle sizes were used: CT 1200
(d50 = 1200 nm; Almatis GmbH, Ludwigshafen, Germany) and
TM-Dar (d50 = 200 nm; Taimei Chemicals, Tokyo, Japan). In
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addition, 5-sulfosalicylic acid dihydrate ReagentPlus� (Sigma-
Aldrich Chemie GmbH) was used as a dispersant. The suspension
was prepared by combining the powders with double-deionized
water, with pH adjusted to 9, under an ice bath with an overhead
stirrer. Before using the slurry, aluminum acetate basic (Honeywell
Specialty Chemicals Seelze GmbH, Seelze, Germany) was added to
start the cross-link reaction, which slowly increases the viscosity of
the suspension. Matrix samples were formed by casting the slurry
into molds with the chosen geometry. For fiber pullout samples,
the slurry was casted in a cylindrical mold and a fiber bundle
was embedded 3 mm deep into the suspension. For the composite
samples, the suspension was used to infiltrate the fiber fabrics. A
total of 12 infiltrated fiber fabric layers were stacked together to
achieve the desired sample height. All samples were dried in a cli-
mate chamber at room temperature and 80% of humidity for two
days. Afterwards, the samples were sintered in the same chamber
furnace at 1200 �C for 1 h. Sintering temperature and time were
selected to obtain a porous matrix. Further details on the ionotro-
pic gelation technique for the processing of Ox-CMCs can be seen
in previous publications [30,31].

2.2. Mechanical tests

All experiments for the training dataset were performed with a
universal testing machine Zwick Z005 (Zwick Roell Group, Ulm,
Germany) using different testing setups. Fig. 2(a–e) show sche-
matic representations of the experiments for the training dataset,
while Table 1 lists specific details and expected outcomes of each
test. The experiments can be divided into mechanisms related to
matrix, fiber and fiber–matrix interface. Matrix samples were
tested under 4-point bending test, following the standard DIN EN
843-1, to promote matrix crack initiation and propagation. In addi-
tion, notched samples were tested in the single-edge notch bend-
ing test (SENB) configuration following the standard DIN 51109.
Having a notch as the ‘‘initial matrix crack”, the objective of this
test was to promote only matrix crack propagation. Both types of
test were done with a loading speed of 0.5 mm/min. Fiber mecha-
nisms were evaluated with three test configurations: single-
filament (DIN EN 1007-4), 10-filaments and fiber bundle tensile
tests (DIN EN 1007-5). While testing a single or 10 fibers promotes
fiber breakage, it is possible to also measure the interaction
between the fibers when testing a whole fiber bundle. Samples
were tested with a loading speed of 0.1 mm/min. It should be high-
lighted that the matrix and fiber tests were done with two sets of
dimensions (see Table 1) to evaluate the effect of sample dimen-
sion on the measured AE features.

As the name implies, fiber pullout was simulated by fiber pull-
out tests. For that, a special test setup was used. The cylindrical
matrix with the embedded fiber bundle was attached to one end
of the testing machine, while the free fiber bundle end was
attached to the other end of the machine. These samples were
tested in tension with a loading speed of 0.1 mm/min. Lastly, the
produced composite plates were tested under short-beam bending
(SBB) to promote interlaminar debonding. SBB tests were per-
formed using a three-point bending test configuration with a sup-
port span (LSBB) of 25 mm, following the standard DIN EN 658-5.
The relatively short support span in relation to the sample height
(hSBB) was used to minimize the tensile/compressive stresses,
while maximizing shear stresses to induce interlaminar failure.
SBB tests were performed with a loading speed of 0.5 mm/min.

The characterization of the FW12 composite was done by ten-
sile tests on a universal testing machine Zwick 1465 (Zwick Roell
Group, Ulm, Germany). A laser extensometer PS-E50-0138-AM
(Fiedler Optoelektronik GmbH, Lutzen, Germany) was used to mea-
sure strain contactless. Tests were conducted by applying the ten-
sile load in one of the main fiber reinforcement directions (0�/90�)
4

with a travelling speed of 1 mm/min following the standard DIN
EN 658-1. A total of three samples with dog-bone geometry were
loaded until failure for the main experiments (Fig. 2(f)). The dog-
bone samples were cut from the same composite plate by laser cut-
ting. Furthermore, a fourth sample with a reduced cross-section
was tested for the ex-situ CT experiments. For that, circular
notches with a radius of 7.5 mm were machined on a 180x20x3
mm3 rectangular composite sample, resulting in a width of
3.2 mm in the middle of the sample. This sample was CT scanned
before the tensile test. Then, the sample was loaded-unloaded with
increments of 50 MPa for each loading cycle until 200 MPa. CT
scans were made between each loading cycle. After the 200 MPa
loading, the sample was loaded until failure and once more
scanned.
2.3. Computer tomography scans

CT scans with resolution of 2.185 lm/voxel were performed
with a Xradia 520 Versa X-ray microscope (ZEISS, Oberkochen,
Germany). Scans were done with X-ray energy of 80 kV (7 W),
1600 projections per revolution and a 4x objective length. The
scans before and after each loading–unloading cycle were matched
by fiducial point-based image registration and by correcting rota-
tional and translational differences. A non-local means filter was
applied to the overlapping images to reduce the noise [32]. Since
the contrast between the different phases of the composite was
low, a deep learning model was applied for phase segmentation.
A few slices of the scans were manually segmented into the follow-
ing categories: matrix, fibers, pores, cracks in matrix region, cracks
in fiber regions. This information was used to train a 3D U-net
model and the validation dataset was used to evaluate their seg-
mentation performance [33]. Training datasets were augmented
with rotation, flip and ±10% scaling of original images. The 3D U-
Net model was trained for 100 epochs. The training dataset was
shuffled at every epoch to avoid overfitting. During the training
process, the loss function decreased gradually and converged to a
specific value. The initial learning rate reduced to 0.05 times to bet-
ter convergence. The trained model was used to segment the
remaining slices of the CT scans. An example of this automated
segmentation can be seen in Fig. S1 of Supplementary data.
Dragonfly software (version 2021.1, Object Research Systems
(ORS) Inc.) was then used for 3D visualization and quantitative
analysis of the segments. To account for the process-induced
cracks and defects, crack volume before the loading was subtracted
from the measured crack volume at each stage.
2.4. Acoustic emission monitoring

AE monitoring was performed during all mechanical tests. For
the ex-situ CT test, AE monitoring was performed only during
the loading–unloading cycles. The measurements were carried
out with an AMSY4-PC system equipped with two VS600-Z2 sen-
sors (Vallen Systeme GmbH, Icking, Germany). The sensors were
glued to the samples or to the testing set-up using hot glue. The
distance between the sensors for the tensile tests with ex-situ CT
scans was of 50 mm, while the position of the sensors for the other
tests can be seen Fig. 2(a–f). Before each test, the sensors were cal-
ibrated to estimate the AE velocity within the sample. This was
done in order to later be able to localize the AE events by measur-
ing the time of arrival difference between the sensors. Hence, only
signals detected within the sample were considered for analysis,
while the others were disregarded as background noise. Data
acquisition was performed using gain of 34 dB, threshold of
30 dB, duration discrimination time of 50 ls and rearm time of
100 ls.



Fig. 2. Testing set-up and machine learning model: (a-e), Samples (left) and set-ups (right) of experiments for training dataset highlighting the position of the AE sensors
(dAE = 4.75 mm): matrix bending test (a), matrix single-edge notch bending test (b), fiber single-filament, 10-filament and bundle tensile test (c), fiber pullout tensile test (d),
composite short-beam bending test (e). Test dimensions are given in Table 1. (f) Composite tensile test, in which the load is applied in the same direction as one of the fiber
axes. (g) Flow chart representation of supervised pattern recognition method for AE data analysis.
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2.5. Supervised classification approach

Fig. 2(a) illustrates the used approach for the supervised classi-
fication of AE signals. The first step is to obtain labeled inputs to be
used as a training dataset. For that, the aforementioned training
dataset tests were performed, in which the different damage
mechanisms are simulated. Feature extraction was done using
the Vallen AE-Suite software (Vallen Systeme GmbH, Icking, Ger-
many). The following features were recorded: maximum ampli-
tude, total hit duration, rise time until maximum amplitude,
number of threshold crossings, hit energy (1 eu = 10�18 J), average
frequency and event linear location. The data acquired during the
aforementioned tests is then used to compose the training dataset.
To select the appropriate AE features for the analysis, a correlation
matrix based on Kendall’s Tau correlation [34] is used. The idea is
to identify which features have the highest correlation with the
identified damage mechanisms. To avoid bias or overfitting, fea-
tures that are highly correlated with each other are discarded for
5

training the model. As a result, maximum amplitude, average fre-
quency and energy were selected as input features.

The classification model was implemented in Python using the
following libraries: sklearn, pandas and numpy. Data input (training
dataset and data to be classified) were scaled using the MinMaxS-
caler function in python, so that all features present values
between 0 and 1. The classification algorithm used in this work
is the k-nearest neighbor (KNN) [35], in which the Euclidean dis-
tance between the data is used to classify a signal to a specific
class. Due to the nature of the KNN algorithm, time complexity
and space complexity are relatively larger if compared to other
clustering algorithms. Because of that, it can be computationally
expensive. Nevertheless, KNN was chosen since it is a well-
established and easy-to-use algorithm for such multivariate analy-
sis [14]. Other algorithms such as random forest, SGD, and naive
bayes were tested but showed lower accuracy and, therefore, were
not continued in this work. The number of neighbors (k) is selected
considering the size of the dataset and misclassification error. For



Table 1
Experiments performed to collect data for training dataset and expected damage
mechanisms.

Test # of
samples
per
geometry

Dimensions Expected
mechanisms

Matrix
bending
test

30 lM = 45 and 70 mm,
hM = 4 and 6 mm,
Li = 20 mm
L = 40 and 60 mm

Matrix crack
initiation and
propagation

Matrix single
edge notch
bending
test

20 lSENB = 45 and 70 mm,
hSENB = 4 and 6 mm,
Li = 20 mm
L = 40 and 60 mm

Matrix crack
propagation

Fiber single-
filament
tensile test

25 lF = 25 and 70 mm Fiber breakage

Fiber 10-
filament
tensile test

5 lF = 70 mm Fiber breakage

Fiber bundle
tensile test

5 lF = 25 and 70 mm Fiber
breakage + fiber
interactions

Fiber pullout 14 lPO = 25 mm
iPO = 3 mm

Fiber pullout + fiber
breakage

Composite
short-beam
bending
test

10 lSBB = 30 mm,
hSBB = 5.0 ± 0.1 mm,
LSBB = 25 mm

Interlaminar
debonding + matrix
and fiber breakage
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that, the number of ‘‘k” was varied and the optimal value was cho-
sen as the value with the lowest misclassification. To obtain a reli-
able prediction model, testing its accuracy is especially important.
K-fold cross validation was used for this purpose. In short, the
training dataset is randomly shuffled and divided into k groups.
Each data group is evaluated individually using the remaining
groups as the training dataset. Since the procedure only uses data
that is already known, the model evaluation scores can be calcu-
lated. The trained model is then capable of classifying previously
unknown data using what it learnt from the training dataset. The
input data to be analyzed was collected during tensile tests of
the studied commercial CMC (Fig. 2(g)).
3. Results and discussion

3.1. Training dataset

Fig. 3 illustrates the data acquired during the experiments for
the training dataset. For better visualization of the data, the graphs
show the amplitude and frequency of the signals measured during
the respective tests. Nevertheless, energy was also used for the
classification. Most signals from matrix tests are in the range of
33–55 dB of amplitude and 0.05–0.40 MHz of frequency (Fig. 3
(a)). Although bending and SENB tests were designed for different
purposes (see Table 1), the measured signals are very similar in
terms of amplitude and frequency. However, SENB signals have
slightly lower energy (see Table S1 of Supplementary data). This
may be related to the smaller load-bearing cross-section of
notched samples and shorter crack path, not to mention that the
notch promotes matrix cracking more easily. Sample dimension
did not seem to have a significant effect on the measured features;
although it is known that AE features can be influenced by sample
geometry as they are dependent on the time of arrival at the sensor
[36]. It can be presumed that the signal attenuation is low within
the used ranges, but may differ with different geometries. Hence,
all signals collected during these tests were labeled as ‘‘matrix
cracking” for the training dataset.
6

Fiber breakage signals of single-filament and 10-filament ten-
sile tests are in the range of 65–90 dB of amplitude and 0.30–
0.50 MHz of frequency (Fig. 3(b)), i.e., a much different range than
matrix cracking signals (Fig. 3(a)). Nevertheless, different signals
are measured when testing a fiber bundle (Fig. 3(c)). It is clear that
most signals belong to fiber breakage, but signals with lower
amplitude and high dispersion of frequency are measured as well.
These low-amplitude signals are considered to be generated by the
interactions between broken fibers during loading. As the fibers of
the bundle start to fail, friction between the newly broken fibers
can generate signals with high dispersion and generally low
energy. This may be related to the fact that friction will depend
on the random relative movement of the different surfaces. There-
fore, signals measured during fiber bundle tests were manually
labeled as ‘‘fiber breakage” or ‘‘friction” by comparing with the pre-
viously identified fiber breakage signals of Fig. 3(b). Furthermore,
fiber length did not seem to influence the measured AE features,
just like in the matrix tests.

Interface characterization is more complex than the previously
described tests as it depends on the interaction between fibers and
matrix, which may also fail during loading. Therefore, these tests
were performed after obtaining information about fiber and matrix
AE signatures. During fiber pullout tests, the loading can cause not
only pullout, but also fiber breakage. In order to filter out the fiber
breakage signals, only signals localized in the fiber–matrix embed-
ded region were evaluated, which are displayed in Fig. 3(d). It is
interesting to see that the range of amplitude and frequency of
these signals lay somewhat between the signals of matrix (Fig. 3
(a)) and fibers (Fig. 3(b)). Lastly, interlaminar debonding was mea-
sured by composite SBB test. Although this test configuration is
planned to promote interlaminar failure, matrix and fiber breakage
can also take place due to the applied tensile/compressive stresses.
Hence, all types of AE signals can be measured, as depicted for one
example test in Fig. 3(e). In general, AE signals with low amplitude
can be attributed to matrix cracking, which can occur throughout
the test. As interface debonding starts to take place, exposed fibers
can also break, albeit less frequently, generating high-energy AE
signals. Hence, labeling of interface debonding signals was done
manually by comparing with matrix (Fig. 3(a)) and fiber signals
(Fig. 3(b)), as well as with the literature. It can be seen that there
is a considerable amount of signals between the ranges of matrix
and fiber signals. Other authors have also related interface damage
to the range of 55–65 dB [37].

After properly labeling all signals with their respective damage
sources, the training dataset is built. Average amplitude and fre-
quency of the identified mechanisms are given in Fig. 3(f). Most
mechanisms have a rather distinct range, which can be associated
with the properties of the individual constituents. For instance, the
matrix is considered the weakest component of a composite.
Hence, matrix signals have low amplitude and energy. Debonding
and pullout show similar features since both are originated from
interface failure. Their main difference lies on the measured AE
energy (Table S2 of Supplementary data). It can be concluded that
it is easier to promote debonding, in which cracks propagate also
through the weak matrix, than to pull a fiber out, which also
involves friction. The precision, recall and F1-score of each damage
mode measured by K-fold cross validation are shown in Table S3 of
Supplementary data. Because of similarities between some of the
damage modes, their precision was affected. Still, the model accu-
racy, in terms of average K-fold score, was measured to be equal to
88%.

3.2. AE event classification of composite tensile tests

Fig. 4(a) shows the classification of AE signals collected during
the tensile test of the commercial composite. It is clear that the



Fig. 3. AE signals collected during experiments for training dataset: (a) Matrix bending tests. (b) Fiber single-filament and 10-fialment tests. (c) Fiber bundle tensile test. (d)
Fiber pullout tensile tests. (e) Composite short-beam bending test. (f) Average features of measured mechanisms.
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model output corresponds very well with the previously observed
ranges of each damage mechanism (Fig. 3). By identifying the dam-
age source, it is possible to investigate and quantify the damage
development during loading, providing crucial information about
the mechanical behavior of the studied material. Fig. 4(b) shows
the stress–strain diagram of the same sample, along with the
cumulative AE hit count divided into the five different classes.
The presented stress–strain curve is very typical for porous CMCs
being loaded along one of the fiber axes, in which a small degree
of non-linearity is observed [27]. As both matrix and fibers are
essentially brittle, the non-linear deformation is mainly associated
with the damage development along matrix, interface and fibers.
AE activity starts to increase at around 50 MPa. Most of the initial
signals are classified as either matrix cracking or debonding. As
aforementioned, the matrix is the weakest component of the
composite. Hence, cracks are much easier to start and propagate
along the matrix porosity, which alleviates the stress concentra-
tions on the fibers. Similarly, the porosity at the fiber–matrix
interface can facilitate debonding. It is interesting that even at
low stresses, signals associated with fiber breakage are observed,
although the fibers are presumably much stronger. In general,
ceramic fibers in a bundle can have a high dispersion of strength
values since each fiber can have different microstructural defects
[38]. Hence, the weaker fibers can fail at lower stresses.
Nevertheless, the increase of fiber breakage AE hits is much slower
than for matrix and debonding, i.e., cracks propagate preferably
through matrix and interface as they offer ‘‘less resistance”. As
loading progresses, signals associated with fiber pullout and
friction start being detected as well. This indicates that pullout
can only happen after a certain amount of fibers have broken,
while friction signals are mostly associated with the relative
7

movement of internal surfaces as the different constituents
fail. At the maximum stress, a signal with much higher energy
and duration is detected. It is expected that this signal is
caused by multiple failure modes happening simultane-
ously, mainly dominated by fibers breakage. Therefore, this
high-energy signal was not considered in the analysis and is not
shown in Fig. 4.

More information is obtained with the quantification of the
total hit count and total AE energy of the classified signals (Fig. 4
(c)). For instance, although matrix cracking is the most frequent
mechanism, it corresponds to about only 10% of the total measured
AE energy. To understand the significance of the AE energy, one
should recall that AE signals are generated due to microstructural
changes. When cracking occurs, part of the mechanical energy dis-
sipates in different forms such as acoustic emission, heat, the for-
mation of internal surfaces, etc. Therefore, AE energy can give an
indication of the dissipated mechanical energy of each mechanism.
In this sense, the energy sum of fiber breakage signals is much
higher than other mechanisms, even though they are only 10% of
the total hit count. Since fibers are the main load-bearing compo-
nents of a composite, it would be ideal to have more dissipation of
energy by matrix cracking and interface debonding as these are
crack-deflection mechanisms. For this commercial composite, they
represent together about 40% of the total measured AE energy.
Therefore, in order to improve damage tolerance, one could
increase the matrix porosity or adjust the fiber–matrix interface
to promote more matrix cracking or interface debonding, respec-
tively. Friction can also potentially help on energy dissipation.
However, the contribution of this mechanism is rather small dur-
ing quasi-static loading. Still, it could play a bigger role for dynamic
loadings.



Fig. 4. Composite tensile test: (a) Classified AE signals collected during tensile test of a commercial composite sample. (b) Stress–strain curve and cumulative AE hit count of
the same sample. AE hit count was normalized in relation to the total amount of measured AE hits during the test. (c) Quantification of classified AE signals hit count and
energy of all three tested composite samples.
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3.3. Ex-situ X-ray computer tomography

One additional test was conducted to compare the information
acquired by AE analysis with the quantification of cracks by ex-situ
CT. To ensure that the damage would occur on the scanned area,
the sample had a reduced section as schematized in Fig. 5(a). Most
of the measured signals are from the reduced section since the
stress is higher there. Nevertheless, AE signals were measured
slightingly outside of the scanned region during the last loading
until failure as well. To properly correlate the measured AE signals
with the performed ex-situ CT scans, only the signals localized
within the scanned volume were analyzed. Fig. 5(b) shows the
stress–strain and cumulative AE hit count of this test. In general,
this sample shows a similar tendency as the previous samples. Still,
fiber pullout signals occur earlier for this specimen, which may be
related to the fact that loading–unloading can promote interface
damage.

Phase segmentation of the CT scans was performed to locate
and quantify the crack patterns. Cracks were grouped as either
in the matrix region (matrix cracking) or in the fiber region
(debonding, pullout or fiber breakage). The segmented cracks
before the loading and after failure are displayed in Fig. 5(c). Even
before loading, the composite already presents microstructural
defects besides matrix porosity. Such defects are rather common
8

in this type of material due to its processing, in which the matrix
densification is restricted by the dense fibers [39]. This mismatch
causes thermal stresses that can lead to the formation of cracks.
Therefore, the amount of cracks generated during loading was
calculated by subtracting the amount of initial cracks (Fig. 5(d)).
In the literature, different authors have tried to relate the infor-
mation of crack imagining with AE quantification [22,40]. This
correlation can be rather difficult as the crack volume will depend
not only on the frequency and intensity of damage, but also on
how the cracks initiate and propagate along each constituent.
For instance, fiber breakage results in high-energy signals due
to their higher stiffness, but the generated crack volume is rela-
tively small. Furthermore, the residual thermal stresses can facil-
itate initial cracking, which generates low-energy AE signals. This
can be seen when comparing the AE activity and the generated
matrix crack volume up to the loading of 100 MPa. Although
there is a considerable increase of crack volume (Fig. 5(d)), there
is still very little AE activity up to 100 MPa (Fig. 5(b)). After this
initial cracking however, both techniques show similar tenden-
cies. Considering only the matrix crack volume generated after
100 MPa, 4.7% occurs up to 150 MPa, while 23.9% takes place
up to 200 MPa. Comparably considering only matrix cracking
AE hits after the 100 MPa loading, 5.1% of the total measured
AE energy happens up to 150 MPa, while 21.3% occurs up to



Fig. 5. Composite tensile test with unloading cycles for ex-situ CT scans: (a) Sample geometry and localization of collected AE signals. (b) Stress–strain curve and cumulative
AE hit count. The strain was measured outside the reduced cross-section. AE hit count was normalized in relation to the total amount of measured AE hits during the test and
only signals detected in the scanned volume (purple box of (a)) were considered. (c) Segmentation of cracks measured by CT of composite before loading and after failure. (d)
Quantification of crack volume generated during loading–unloading cycles in relation to crack volume before loading. Crack volume of new cracks was normalized in relation
to the initial crack volume of the respective region. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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200 MPa. This indicates that both techniques are somewhat in
agreement.

4. Conclusions

In summary, a method for the classification of AE signals based
on supervised machine learning is presented in this work. Experi-
ments were designed to obtain a reliable training dataset for the
supervised classification model. The collected training dataset con-
tains key details about the different breaking behaviors of fibers
and matrices, as well as their interface. This allows for the correct
identification of AE signals, giving essential information on the
location, time, frequency and intensity of each damage mechanism.
Not only such analysis helps us understand damage development
during loading, but also helps us see which mechanisms have a
higher contribution on crack propagation and energy dissipation.
This is very important for the further development of composites
like CMCs. Furthermore, the presented methodology can also be
applied to study different complex and multi-phase materials.
Adapting the experiments for the training dataset to consider dam-
age mechanisms of other types of composites and materials would
be the next step to build a library containing characteristic AE fea-
tures. In addition, other in-situ analysis techniques can be applied
in tandem, but it should still be highlighted that they give different
information and should be used to complement each other. For
instance, CT scans can give information on the crack patterns and
total crack volume, but their detection resolution is smaller and
time dependent.
9
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