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Abstract: In this paper, multiscale acoustic emission (AE)
signal analysis was applied to acoustic emission data pro-
cessing to classify the AE signals produced during the ten-
sile process of C/SiC mini-composites. An established un-
supervised clustering algorithm was provided to classify
an unknown set of AE data into reasonable classes. In or-
der to correctly match the obtained classes of the AE sig-
nals with the damage mode of the sample, three scales
of materials were involved. Single fiber tensile test and
fiber bundle tensile test were firstly performed to achieve
the characteristics of AE signal of fiber fracture. Parame-
ter analysis and waveform analysis were added to extract
the different features of each class of signals in the In-situ
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tensile test of C/SiC mini-composite. The change of strain
field on the sample surface analyzed by DIC (Digital Im-
age Correlation) revealed the corresponding relationship
between matrix cracking and AE signals. Microscopic ex-
aminationwas used to correlate the clusters to the damage
mode. By analyzing the evolution process of signal activa-
tion for each class against the load, it also provided a reli-
able basis for the correlation between the obtained classes
of the AE signals and the damage mechanism of the mate-
rial.

Keywords: Ceramic matrix composites; acoustic emission;
pattern recognition; digital Image Correlation; damage
mechanism

1 Introduction
Ceramic matrix composites (CMCs) have been widely used
in aerospace industry, owing to their excellentmechanical
properties [1–4]. Therefore, it is necessary for a deep un-
derstanding of their evolution and failure mechanism. As
a real-time and dynamic non-destructive testing method,
acoustic emission (AE) technology has become an impor-
tant method to study the damage and fracture mechanism
of composite materials. AE is a transient elastic wave pro-
duced by the rapid release of local source energy in the
material. One of the most important purposes of AE detec-
tion is to identify the position and characteristics of the AE
source, and the effective way to solve this problem is AE
signal processing.

The previous researchers [5–11] mostly described the
AE source by the parameters such as, amplitude, energy,
count, duration. As a whole, the single parameter analy-
sis can only reflect the activity, intensity and development
trend of the AE source. It has been proved that the sin-
gle parameter analysis is not enough to an accurate sep-
aration of AE signals in the process of composite damage.
Since a variety of damage mechanism will take place con-
tinuously and the single parameter describing different
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damage mechanism are often overlapped. Therefore, it is
difficult to accurately recognize the characteristics of AE
source by this signal processing method.

Pattern recognition is developed rapidly in recent
years. By taking into consideration multiple AE parame-
ters, pattern recognition technology can classify unknown
AE signals into reasonable classes. It is quite different from
the single parameter analysis. Unsupervised pattern recog-
nition was proved to be a promising scheme in that it
can divide AE signals into an appropriate number of class
without the pre-knowledge of them. However, the selec-
tion of cluster algorithm is a significant problem. R.Gutkin,
et al. [12] selected three different pattern recognition algo-
rithms: K-means, SOM, CNN to analyze the AE signals. The
approximate peak frequency distribution of matrix crack-
ing, delamination, fiber matrix debonding, fiber fracture
and fiber pullout was obtained by analyzing the peak fre-
quency distribution of all kinds of AE signals after cluster-
ing. V.Kostopoulos, et al. [13, 14] combined a variety of dif-
ferent algorithms and compared the results of various algo-
rithms in order to obtain the optimal classification of dam-
age signals of ceramic matrix composites. In general, the
unsupervised pattern recognition [15–19] was based onAE
activity of each class combined with existing understand-
ing of thedamagemechanismof compositematerials to de-
termine the relationship between various types of signals
and damage mechanisms. V.Kostopoulos, et al. [13, 14] es-
tablished the relationship between damagemodes and AE
signals by analyzing different classes of signals and com-
bining scanning electronmicroscope.M.Moevus et al. [20]
used K-means clustering algorithm to analyze the damage
process of two kinds of ceramic matrix composites. By ob-
serving the size and number of cracks under microscope,
combining with the characteristics of various kinds of AE
signals and the evolution process of the number of vari-
ous signal events with strain, the signals of two different
types of matrix cracking in composite materials are distin-
guished successfully. S.Huguet, N.Godin, et al. [21, 22] iden-
tified the typical waveforms of different damage modes
in the glass fiber reinforced composite laminates by the
visual observation and conventional parameter analysis.
The cluster were recognized to the corresponding damage
mode by comparing the waveforms of each cluster to the
typical waveforms. S. Momon et al. [16]. studied the dam-
age mechanism of C/SiC composite under static load and
cyclic fatigue load at 700-1200∘C. 4 or 5 kinds of signals are
classified under static load (depending on test conditions),
and 4 kinds of signals are classified under cyclic fatigue
loadusingK-means clustering.According to the analysis of
AE activity, various AE characteristic parameters and SEM
scanning electron microscope, the damage modes of ma-

trix cracking, fiber matrix interface debonding and delam-
ination, fiber fracture and were identified. Nevertheless,
it is still a difficulty how to correctly correlate the AE sig-
nals after clustering with the mechanism of the AE source.
There is no a standard of the AE signal characteristics for
damage events.

As is known to all, different damagemechanisms such
as matrix cracking, fiber fracture, debonding of fiber ma-
trix in the continuous fiber ceramicmatrix composites can
be found during the tensile process. In order to establish
the relationship between AE signal and different damage
mechanisms accurately and reliably, different scale exper-
iments are needed to get the AE signals at different scales.
However, researchers hithertomostly focus on the CMCs of
specimen level and there are few reports onAE signal anal-
ysis of mini-composites, fiber bundles and single fiber at
smaller scales.

According to the known knowledge, in this paper, in
order to study the relationship between the damage mech-
anism and AE signals, the tensile tests under multiple
scales were carried out to obtain the AE signals of the ma-
terial damage process at multiple scales. Single fiber ten-
sile test and fiber bundle tensile test were firstly performed
to achieve the characteristics of AE signal of fiber fracture.
Then a simple C/SiCmini-compositewas used to do In-situ
tensile test. The whole test was carried out under the digi-
tal microscope, in order to observe the damage process of
the sample surface in real time. TheDIC (Digital Image Cor-
relation) technique was used to calculate the strain field
variation on the specimen surface, which played a key role
in the analysis of post-text damage identification. At the
same time, parameter analysis, waveform analysis andmi-
croscopic examination were also added to cooperate with
AE signal evolution process analysis of each class to iden-
tify the damage together.

2 Experimental procedure

2.1 Materials

Three scales of materials were mainly involved in this pa-
per. They are single fiber, T300-3K carbon fiber bundle and
C/SiC mini-composites. Single fiber is obtained from car-
bon fiber bundle and the C/SiC mini-composites are com-
posed of carbon fibers reinforced in chemical vapor infil-
tration (CVI) silicon carbide matrices. All materials were
manufactured by the Institute of Metal Research, Chinese
Academy of Sciences. Table 1 shows the material parame-
ter of the samples. From Table 1, E is the elasticity modu-
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Table 1:Material parameter of fiber and matrix

Item Carbon fiber Silicon carbide matrix
E/GPa 230 124
T/MPa 3530 –
α/K−1 −3.8×10−6 2.8×10−6

ρ/(g/cm3) 1.76 3.22
r/µm 3.5 –

lus, T is the tensile strength, α is the coefficient of thermal
expansion, r is the diameter of carbon fiber.

2.2 Acoustic emission

The AE system is used for real-time and on-line detec-
tion which was a two-channel PCI-2 data acquisition sys-
tem produced by PCA company. Two AE sensors (AE504A)
are 8mm diameter and 17.5mm high. Vaseline is used as
a coupling agent between AE sensors and the surface of
the specimen. Each sensor is connected to a preamplifier
(gain: 40dB, bandwidth: 10 kHz-2MHz). The peak defini-
tion time, hit definition time and hit lockout time were set
to 50µs, 100µs, 300µs, respectively. Before the experiment,
pencil break was used for calibration of AE testing. Nine
AE parameters, Amplitude, Energy, Counts, Duration, Rise
time, Counts to peak, Average frequency, Reverberation
frequency and Initial frequency are recorded by AE acqui-
sition system. Also each AE waveform is digitally stored.

2.3 Test procedure

2.3.1 Single fiber tensile test

Single fiber tensile test was performed on the test device
shown in Figure 1. Since the small diameter of single fiber,
before the tensile test, it was fixed on the piece of paper by
AB glue. The AE sensor was placed on the lower slider and
was closely attached to the surface of the fixture. Before
the experiment, the piece of paper was fixed on the upper
fixture and lower slider, then burn the middle section of
the paper. Finally, the machine was started and the slider
would move down for stretch loading. The AE threshold
was equal to 58dB.

Figure 1: Single fiber tensile test

2.3.2 Fiber bundle tensile test

Since the fiber bundle contains a lot of fibers, both ends
of the fiber bundle were nipped by four reinforced pieces
fixed with AB glue as shown in Figure 2.

The axial/torsional testing system MTS 2.5t was used
to fiber bundle tensile test. As shown in Figure 2, two
AE sensors were positioned on the reinforced pieces cou-
pled with Vaseline. The threshold value was set to 58dB.
The whole test was under a constant displacement rate of
0.05mm/min. Only the AE data in the 50mm test section
were used for subsequent analysis.

2.3.3 In-situ tensile test

The mini-composite tensile test was carried out on an in
situ tensile testing machine. As shown in Figure 3, the
mini-composite sample (with a 25-mm gauge length) was
fixed at two reinforced pieces. The test section in the mid-
dle of the sample was 5 mm. Two AE sensors (AE504A)
were coupled on the faces of the reinforced pieces with
Vaseline. The threshold valuewas set to 55dB. As shown in
Figure 3, the whole loading device was placed under a dig-
ital microscope. Before the experiment, an initial plot of
the test section was need to be taken. The loading process
was interrupted every 5N to take a picture of the test sec-
tion until the sample fracture failure. Load was measured
by load cell. Only the AE data in the 5mm test section were
used for subsequent analysis.

3 Unsupervised pattern
recognition technique

Unsupervised pattern recognition technique was used to
classify the AE signals obtained during the testing process.
The flow chart is presented in Figure 4. Next, the process
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Figure 2: Fiber bundle tensile test

Figure 3: In situ tensile test

of unsupervised clustering ofAE signalswill be introduced
one by one.

3.1 AE data pre-processing

During the whole experiment process, 9 kinds of AE pa-
rameters will be recorded by the AE system [13, 19, 22, 23].
In AE experiments, noise interference is inevitable. The
noise mixed in the AE signal will affect the whole experi-
mental results. By filtering and adjusting threshold values,
part of the noise can be effectively removed. According to
the literature [13], there is a high correlation between Am-
plitude, Counts and Duration in AE signals produced by
materials. Therefore, the 3 characteristic parameters were
selected, by the Max-Min Distance algorithm, to separate

the outliers as noise signals from AE signals. Figure 5 and
Figure 6 show the results to the noise identification for
fiber bundle tensile test and In-situ tensile test, respec-
tively. So these outliers were removed from the original AE
data.

3.2 The pattern features selection of AE
parameters

After the preprocessing of the raw data, it is necessary to
normalize the AE data. Since the AE parameters between
different dimensions are quite different, the data needs to
be normalized to eliminate the influence on the dimen-
sional distance between the signals. In this paper, the Z
normalization is used to transform thedataunder different
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Figure 4: Flow chart of unsupervised pattern recognition technique

Figure 5: Noise identification for fiber bundle tensile test Figure 6: Noise identification for In-situ tensile test
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parameters of AE to the mean value of 0 and the standard
deviation of 1.

After standardizing the AE data, it is necessary to se-
lect the appropriate pattern feature for the clustering. Ap-
propriate pattern features will help to improve the accu-
racy of clustering and reduce the amount of computation.
Two or more relevant pattern features do not improve the
accuracy of pattern recognition. Also toomany pattern fea-
tures will slow down the speed of operation. In this pa-
per, based on SPSS statistical software, using hierarchical
clustering of Ward’s method, choosing square Euclidean
distance as measure, the relation graph between AE pa-
rameters will be draw out. First, calculate the distance be-
tween samples. Next, merge the nearest points into the
same class. Then recalculate the distance between the new
classes and merge the nearest class into a large class. In
this way, it will continue to merge until it is merged into
a class. Figure 7 and Figure 8 shows the correlation of the
AE parameters for fiber bundle tensile test and In-situ ten-
sile test. Table 2 shows the list of AE signals descriptors. Fi-
nally, the pattern features with the correlation coefficient

Figure 7: Correlation dendrogram for fiber bundle tensile test

Figure 8: Correlation dendrogram for In-situ tensile test

Table 2: List of AE signals descriptors

Number Descriptors
1 Amplitude
2 Energy
3 Counts
4 Duration
5 Rise time
6 Counts to peak
7 Average frequency
8 Reverberation frequency
9 Initial frequency

higher than 5 was selected. Through the above analysis,
Amplitude, Energy, Rise time, Average frequency and Ini-
tial frequency of the five AE parameters were selected as
the pattern features for fiber bundle tensile test, while Am-
plitude, Energy, Average frequency and Initial frequency
of the four AE parameters were selected as the pattern fea-
tures for In-situ tensile test.

3.3 Clustering by K-means algorithm

K-means algorithm is a distance-based clustering algo-
rithm, using distance as a similarity evaluation index. The
algorithm is aimed to form a class of objects with similar
distance through a constant iterative operation. Firstly, the
number K of the cluster must be assumed in advance and
the cluster centers will be randomly initialized. Secondly,
the samples are divided into the nearest cluster according
to Euclidean distance calculated between all the samples
and the K cluster centers. Then, recalculate the average of
all samples in every cluster as the new cluster center. Fi-
nally, repeat the above process until there is no change
in the cluster centers. There are two main factors influenc-
ing the calculation of the algorithm. One is the choice of K
value and the other is the choice of initial clustering center.
In the K-means algorithm, the K value is given in advance.
In unsupervised clustering, it is difficult to determine the K
value for a given unknown data. Therefore, it is necessary
to determine the appropriate K value by clustering valid-
ity analysis, which will be described later in detail. In the
process of K-means clustering algorithm, K initial cluster-
ing centers must be selected first. The selection of initial
value will be larger influence on the subsequent cluster-
ing results, once the initial value selection is not so good,
it may not be able to get effective clustering results. In this
paper, the Max-Min Distance algorithm was introduced to
select the initial cluster center instead of the original ran-
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dom selection. By this algorithm, the initial cluster centers
were obtained which were far away from each other. This
was useful for subsequent clustering calculations.

3.4 Clustering validity analysis

The optimal number of clusters K was determined by us-
ing the square sum of error criterion which was used as
the clustering criterion function in the paper. The sum of
squares of error is defined as the sum of squares of the de-
viation between the data of each class and the cluster cen-
ter of such a class, and summation. So the evaluation in-

dex J is defined as J =
k∑︀

p=1

np∑︀
i=1

(X(p)i − X(p))
2
, where Xpi is the

i sample in class p and Xp is the cluster center of class p

which can be calculated by Xp = 1
np

np∑︀
i=1

Xpi . Calculate the

value of J corresponding to K from 2 to 10 and plot the J-K’s
line graph. Finding the inflection point value in the graph
is the optimal number of clusters. Figure 9 and Figure 10
show the change of the index J with K in fiber bundle ten-
sile test and In-situ tensile test. It can be concluded that
K=2 is the inflection point in the left graph and K = 5 is the
inflection point in the right graph. So the optimal cluster-
ing class number for fiber bundle tensile test and In-situ
tensile test is 2 and 5, respectively.

Figure 9: Clustering validity analysis for fiber bundle tensile test

Figure 10: Clustering validity analysis for In-situ tensile test

4 Result and discussion

4.1 The characteristics of AE signals for
single fiber tensile fracture

A total of 20 effective AE signals in single fiber failure were
obtained. Table 3 shows the average of nineAEparameters
from 20 signals.

As can be seen from Table 3, the AE signals of single
fiber failure were characterized by: the lower amplitude,
energy, counts, rise time and long duration in time domain
parameters, while the lower average frequency and rever-
beration frequency and the higher initial frequency in fre-
quency domain parameters. So this kind of AE signals rise
fast.

4.2 The characteristics of AE signals for fiber
bundle tensile fracture

Six fiber bundle tensile tests were performed. Table 4
shows the tensile failure load, the number of signal and
the number of clusters for each test. The following AE sig-
nal analysis was focused on #003. According to the cluster-
ing validity analysis, the optimal clustering was obtained
with 2 classes in fiber bundle tensile test. As shown in
Table 5, the signals for class1 are the main signal in the
whole experiment. There are only 9 signals in class2. To ob-
serve the AE parameters, it can be found that in the signals
for class2, amplitude, energy, counts, duration are signifi-
cantly higher than that for class1 while average frequency
and reverberation frequency are lower than that for class1.
Therefore, it can be conducted that class1 and class2 be-



Multiscale acoustic emission of C/SiC mini-composites and damage identification | 155

Table 3:Mean value of AE signal parameters for single fiber failure

AE parameter Mean value AE parameter Mean value
Amplitude/dB 62.86 Counts to peak 1
Energy/mv*ms 10.57 Average frequency/kHz 23.29

Counts 2.57 Reverberation
Duration/µs 125.07 frequency/kHz 13.14
Rise time/µs 2.57 Initial frequency/kHz 440.35

Table 4: List and result of fiber bundle tensile tests

Failure
Load/N

Number of
signals

Number of
cluster

#001 213 1228 2
#002 236 1487 2
#003 224 1285 2
#004 140 883 2
#005 201 1385 3
#006 229 1173 2

long to the same damage mode, but the signal intensity of
class2 is stronger than that of class1.

The fiber bundle used in the tensile test aremade up of
3000 single fibers. All these fiberswill bear the tensile load
together. However, there will be some differences in these
single fibers, and some fibers may have initial defects. So
in the actual test, a small part of fiberswill break first.With
the increase of the load, fracture of the fiber will be more
andmore and now the signals will be similar to class1. Un-
til the load reaches a certain value, a large number of fibers
break at the same time to produce a signal similar to the
class2. As shown in Figure 11, the first AE signal did not
appear until the loading time reached 430s. The number
of AE events grew slowly at the beginning of test, indicat-
ing that therewas very little fiber breakage.When the load-
ing time reached 830s, the first class2 signal appeared and
there was an obvious step increase in the class1 signal. It
showed that a large number of fibers were broken at the
same time. Later at 900s and 1000s, the class2 signals ap-
peared continuously. It indicated that the fiber bundlewas
constantly being destroyed, and the large number of fibers
inside were broken.

Comparedwith Table 3, the amplitude, energy, counts,
duration, rise time and counts to peak of the AE signals in
single fiber breakage are significantly smaller than that of
class1 and class2 signals in Table 5. This showed that the
signal of class1 had the AE signals of single fiber breakage
and the AE signals of multiple fiber breakage at the same
time. These multiple fiber breakage signals can be equiva-

Figure 11: Cumulative events of AE signals for each cluster for fiber
bundle tensile test

Figure 12: FFT peak frequency distribution of fiber bundle tensile
acoustic emission signal

lent to the coupling of single fiber breakage signals. So its
intensity is stronger than the signal of single fiber break-
age. Similarly, the signal intensity of the class 2 is greater.
So it can be judged as the AE signals generated by the si-
multaneous failure of a large number of fibers.

Figure 12 shows the peak frequency distribution of all
AE signals after FFT transformation during the fiber bun-
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Table 5: Average value of AE parameters per cluster for fiber bundle tensile test

cluster Amplitude /dB Energy /mv*ms Counts Duration /µs Rise time /µs
class1 74.31 39.85 54.38 191.25 16.46
class2 97.22 2017.67 372.11 5451.00 18.22

cluster Counts to peak Average frequency
/kHz

Reverberation
frequency /kHz

Initial frequency
/kHz

Number of signal

class1 6.22 332.23 292.12 661.82 99.3%
class2 11.00 75.00 72.44 605.89 9

Figure 13: Typical waveform and FFT spectrogram for class1

Figure 14: Typical waveform and FFT spectrogram for class2

dle tensile process. It is obvious that the peak frequency of
AE signals of fiber fracture is almost concentrated between
200kHz-300kHz.

4.3 Damage identification according to the
classified AE data

4.3.1 The parameters and waveform analysis for each
class

Five mini-composite tensile tests were performed. Table 6
shows the tensile failure load and the number of clusters
for each test. The followingAE signal analysis was focused
on M5. According to Section 3.4, the AE signals of mini-
composites should be categorized into five classes. Table 7
provides the mean of the characteristic parameters of the

AE signals in each class after k-means clustering. Also
typical waveform and FFT spectrogram for each class is
showed in Figure 13-17.

As is obvious, the signals for class 1 and class 4 have
low amplitude, energy and counts. The former signals rise
slowly and have a short duration. The latter signals rise
fast and have a very short duration. According to the FFT
spectrum analysis, the peak frequency of the class1 spec-
trum is around 40kHz while the class4 spectrum have a
main peak at around 40kHz and a hypo-peak at around
250kHz. The signals for class 3 are different from them
for class 1 and class 4. They have higher amplitude, en-
ergy and counts. They rise fast and also have long dura-
tion. The amplitude of class3 FFT spectrum reaches the
highest point at 250kHz. The waveform of class5 is similar
to that of class3, but the signal strength of class 5 is sig-
nificantly stronger than that of class. The class5 spectrum



Multiscale acoustic emission of C/SiC mini-composites and damage identification | 157

Figure 15: Typical waveform and FFT spectrogram for class3

Figure 16: Typical waveform and FFT spectrogram for class4

Figure 17: Typical waveform and FFT spectrogram for class5

have two main peak at around 40kHz and 250kHz.The sig-
nals for class 2 is characterized by higher energy, duration
and rise time, lower counts, initial frequency, reverbera-
tion frequency and average frequency compared with sig-
nals for other classes. By observing Figure 14, the wave-
form and FFT spectrogram of class 2 is completely differ-
ent from that of other classes. So it is assumed that the sig-
nals in class 2 are not the AE signals emitted by the sample.
Theymust be noise signals that are not removed inAEdata
pre-processing.

CombinedwithSection4.1 and4.2, it canbe found that
the characteristics of the class3 signals are similar with sig-
nals in Table 3 and Table 5. Also, the peak frequency of
class3 signals was consistent with the signals in the fiber
bundle tensile. So it could be determined that the signals
of class3were produced by fiber fracture, while the signals

Table 6: List and result of C/SiC mini-composite tensile test

Failure Load/N Number of
cluster

M1 165 4
M2 170 5
M3 155 4
M4 190 5
M5 180 5

of class5were caused by the simultaneous failure of a large
number of fibers.
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Table 7: Average value of AE parameters per cluster for In-situ tensile test

cluster Amplitude /dB Energy /mv*ms Counts Duration /µs Rise time /µs
class 1 57.82 1.74 3.30 24.67 8.85
class 2 64.36 149.00 1.91 906.91 404.1
class 3 67.65 5.90 13.68 79.40 8.55
class 4 58.93 0.20 3.59 7.16 1.48
class5 84.36 90.82 77.45 680.09 55.64

cluster Counts to peak Average frequency
/kHz

Reverberation
frequency /kHz

Initial frequency
/kHz

Number of signal

class 1 2.06 158.42 88.66 667.81 53.1%
class 2 1.18 2.45 1.00 4.36 0.6%
class 3 4.61 235.53 171.37 883.39 29.1%
class 4 1.88 725.44 296.31 1247.97 16.6%
class5 15.18 110.18 90.91 687.00 0.6%

Table 8: Cumulative events for each class at the beginning of the In-situ tensile test

Force
(N)

Cumulative events
:class1

Cumulative events
:class2

Cumulative events
:class3

Cumulative events
:class4

Cumulative events
:class5

5 0 0 0 0 0
10 0 0 0 0 0
15 7 0 0 1 0
20 8 0 1 2 0
25 18 0 3 5 0

4.3.2 Damage identification by DIC

In recent years, DIC (Digital Image Correlation) has been
widely use in the field of mechanics. It is based on the im-
age correlation point algorithm to calculate the displace-
ment or strain distribution of the object surface. In the pa-
per, before the experiment, a random speckle was sprayed
on the surface of the sample and also an image was taken
as the reference. During the experiment, an image was
taken every 5N loading until the sample failed. Figure 18
shows the material strain-force curve calculated by DIC.
In order to better understand the variation of the sur-
face strain distribution of the specimen, Figure 19-24 show
the strain field distribution under different loads. Clearly,
something interesting can be observed at the beginning of
the experiment. Table 6 shows the distribution of the cu-
mulative events for each class at the beginning of the ex-
periment. Combined with Figure and Table above, it was
found that there is no significant strain of the larger area
before the Force=10N,while no signalswere collected from
the AE system, indicating that thematerial at this time has
not been obvious damage. Observing the strain field distri-
bution of the Force = 15N, in the middle there was a signifi-

cant increase in the area of strain, indicating the presence
of micro cracks here. Corresponding to it, AE system col-
lected 7 signals for class 1 and 1 signal for class 4. And then
to observe the strain field distribution of Force=20N, 25N,
30N, three obvious large strain regions were formed grad-
ually in the strain field distribution. It can be deduced that
there were obvious matrix cracks in these three regions
and alongwith crack propagation. Corresponding to it, the
class 1 signal continued to increase, while the class 3 sig-
nal appeared in Force = 20N. It also can be seen that the
signals for class 1 were obvious more than that for class 3
and class 4. Consequently, it is expected that class 1 must
represent the matrix cracking.

4.3.3 Fracture analysis by SEM

The fracture surfaces of C/SiCmini-composites were inves-
tigatedusing the scanning electronicmicroscope (SEM). In
Figure 25, it is obvious that fiber failure is the main fail-
ure mode in the static tensile test. The fracture of fiber
is uneven, and fiber pull-out phenomenon can be found.
Thewhite arrows in Figure 25(a)(b) shows that fiber/matrix
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Figure 18: The strain-force curve of the C/SiC mini-composite

Figure 19: Strain distribution(Force=5N)

Figure 20: Strain distribution(Force=10N)

Figure 21: Strain distribution(Force=15N)

Figure 22: Strain distribution(Force=20N)

Figure 23: Strain distribution(Force=25N)

Figure 24: Strain distribution(Force=30N)

interface debonding is also one of the failure mode in
the static tensile test. This indicates that during the static
tensile test, due to the load in the fiber direction, the
weak interlaminar shear force leads to the debonding phe-
nomenon. So fiber/matrix interface debonding is also one
of the main source of AE signals.

4.3.4 Identification of damage mode for each class

Figure 26 shows the entire process of the sample damage
evolution. The cumulative AE events of each class and the
strain corresponding to the load are shown in it. As it can
be seen in Figure 26, the whole experimental process can
be divided into three stages, Stage I: the initial stage, the
material was in elastic deformation. In the stage, the AE
signal was rarely produced, indicating that the damage of
the material was very little at this time; Stage II: the devel-
opment stage, thematerial entered theplastic deformation
stage. At this time, the damage of the material began to in-
crease, and the AE signals also increased gradually; Stage
III: material failure stage, the AE signals increased dramat-
ically.

Class1 is the earliest signals in the experiment, with
the largest number of signals in the entire experiment,
and appeared until the material failure. Compared with
other class signals, in the Stage I, the class1 signals are the
most, and the signals increases gradually after entering
the Stage II, and the cumulative signal increase more and
more, showing an exponential growth mode. Combined
with Section 4.3.1 and 4.3.2 analysis, class1 must represent
the damage of matrix cracking. This damage will produce
a AE signal with a peak frequency around 40kHz.
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(a) (b)

Figure 25: SEM micrographs of the failed C/SiC mini-composites

The class3 signals occurred somewhat later than the
class1 and class4 signals. Compared with class1, the num-
ber of signals in the stage1 is very small. Compared with
class1, the class3 signals are very small in Stage I. In the
Stage II, the number of signals showed a linear increase
and in material failure stage, a huge amount of such sig-
nals burst. Combined with Section 4.1, 4.2 and 4.3.1 analy-
sis, the class3 signals correspond to the fiber failure. This
damage will produce a AE signal with a peak frequency
around 250kHz.

The class4 signals and class1 signals appear simul-
taneously and the evolution process of class4 is similar
to that of class3. Similarly, a large number of signals oc-
curred near the fracture of materials, but the number is
far less than that of class1 and class3. Combined with Sec-
tion 4.3.1 and 4.3.3 analysis, the class4 could attributed to
the debonding and friction of fiber matrix interface layer,
which occurs after matrix cracking and promotes the prop-
agation of matrix crack, and paves the way for fiber frac-
ture. So the FFT spectrum of this damage have two peaks.
The main peak is at around 40kHz and the second peak is
at around 250kHz.

The class5 signals are mainly concentrated in the frac-
ture of the material. According to Table 7 and Figure 17,
the waveform characteristics and signal characteristics of
class5 are similar to those of class3, but the signal inten-
sity of class5 is obviously stronger than that of class3. So
class5 is inferred to correspond to multiple fiber failure. At
the same time, matrix cracking, interface debonding are
also coupled in it. The FFT spectrum of this damage have
two main peaks at around 40kHz and 250kHz.

According to the analysis of 4.3.1 above, the class2 sig-
nals are completely different from other classes. As it can
be shown in Figure 14, the clsaa2 signals appeared irreg-

Figure 26: Cumulative events of AE signals for each cluster for In-
situ tensile test

ularly. Therefore, it refers to the noise that has not been
removed during AE data pre-processing.

5 Conclusions
In order to establish the relationship between the damage
mechanismofC/SiC compositematerial and theAE signals
accurately, multiscale AE signal analysis was added to the
AE data processing. The tensile tests of the materials were
carried out in three different scales, and three sets of AE
signals were obtained.

The AE signals of fiber fracture can be obtained by sin-
gle fiber tensile. The signals rise fast and have a long du-
ration, low amplitude, energy and counts. There were two
kinds of effective AE signals in the process of fiber bundle
failure. The characteristics of these two kinds of AE signals
are similar to that of the AE signal of single fiber fracture
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while the signal intensity is obviously larger. This canbe at-
tributed to the coupling of multiple fibers at the same time.

In the In-situ tensile test of C/SiC mini-composites.,
the AE signals of the whole experiment were divided into
five classes. DIC (Digital Image Correlation) as a promising
technique has been proved to be very helpful in observing
changes in the surface of a sample. Strain field on the spec-
imen surface throughout the experiment was obtained by
DIC technique. The changes of the strain field in the ini-
tial stage of the experiment were analyzed emphatically
and compared with the changes of the AE signals of all
classes. The AE signals corresponding to the matrix crack-
ing are successfully identified. These signals rise slowly
and have a short duration and low amplitude. Then, the
AE signals of fiber fracture were identified by parameters
analysis. Finally, combined with the fracture analysis by
SEM and the evolution process of each class activation of
signal to the load, the signals of the debonding and fric-
tion of fiber/matrix interface layer were identified. These
signals have a very lowenergy andhighAverage frequency,
Reverberation frequency and Initial frequency.

This methodology will further be applied to AE exper-
iments on the C/SiC composite for specimen level. In view
of the simple structure of the C/SiC mini-composites, com-
pared with specimen level, the damage mechanism is rel-
atively simple. The results and methods obtained in this
paper can be a reference for signals analysis of later exper-
iments.
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