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Abstract 

In this study, we have used Acoustic Emission (AE) testing for crack classification in cementitious materials 

(plain cement concrete and cement mortar) subjected to uni-axial compression. When the test specimen is 

subjected to the external stimulus, localized sources trigger energy release in the form of stress waves known as 

AE which propagate to the surface and are detected by the piezoelectric transducers. These recorded elastic 

waves are used to study the fracture process in concrete. Crack classification study was carried out by 

considering different AE parameters. Gaussian Mixture Model (GMM)-a probabilistic model was used for AE 

data clustering. Also Support Vector Machine (SVM) algorithm was used to obtain the separating hyper plane 

for tensile and shear clusters. Comparison of results obtained from different AE parameters lead to the 

conclusion that AF (average frequency)-RA (rise angle) pair of AE is suitable for crack classification. Influence 

of coarse aggregate size and curing period (age) of concrete were considered. 

 

Key words: Acoustic Emission (AE), Gaussian Mixture Model (GMM), Support Vector Machine (SVM), cracks 

classification, Concrete. 

1. Introduction 

Concrete structures in service deteriorate due to heavy traffic loads, fatigue, aging, chemical 

reactions and natural disasters. Monitoring of the structural safety of concrete structures and 

making strategies for crack detection is known as Structural Health Monitoring. Early 

damage assessment of concrete structure against large-scale failure helps to manage the 

structures safely and economically. One of the methods used for real time nondestructive 

monitoring is Acoustic Emission (AE) testing [1]. AE arises due to stress waves (figure 1a) 

generated during the mechanical deformation of solids and reached on onto the surface of the 

test specimen/structure. The AE can be detected using piezoelectric transducers mounted on 

the surface of the test specimen/structure [2-4]. By using the released AE, the mode of 

cracking (tensile and shear) in concrete structures can be studied [5-6]. Different modes of 

cracking in concrete structures emit different AE signatures.  

 

2. Literature review  

 

Behnia et al. reviewed application of AE testing to concrete structures including available 

quantitative and qualitative AE methods [1]. Aggelis studied the classification of crack in 

concrete using AE parameters [5]. One of the earliest studies made to crack classification in 

concrete structures using AE testing were made by JCMS 
13

(Japan Construction Material 

Standards). A crack classification method was proposed by JCMS which took into account 

two AE parameters RA and AF [6]. However according to Ohno and Othsu, AE measurement 

data are random and mostly non linearly separable [7]. Hence, for a well defined crack 

classification more robust distribution algorithm is needed [8]. Farhidzadeh et al. have 

proposed a pattern classifier technique known as support vector machines algorithm. Small 

scale fracture experiments in laboratory were carried out to obtain controlled cracking modes. 

Record AE data for each cracking mode was used to evaluates the performance of classifiers. 
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Further a new probabilistic approach based on a GMM is proposed to take into account for 

classifying AE sources[8-10].  

 

2.1. Aim of study 

 

Farhidzadeh et al. studied classification of cracks due to bending of beam by 3 point bending 

test [9-10]. However, present research work is on classification of cracks due to unaxial 

compression. Using AE parameters like Rise Angle (RA)[=rise time/peak amplitude] and 

Average Frequency (AF)[=counts/duration] values we classified cracks (tensile and shear 

cracks). In fact, AE events are random in nature thus we used probabilistic approach based on 

Gaussian Mixture Modeling (GMM) to classify crack modes and further used Support Vector 

Machine (SVM) classifier to draw hyper plane between the modes of crack. This article 

mainly focuses on detection of failure of concrete under uniaxial compression and the effect 

of curing period (age) and size of coarse aggregates in concrete were considered. 

3. Probabilistic Methods 

 

3.1. Gaussian mixture model (GMM) algorithm 

 

GMM is a probabilistic model that distributes a dataset into different clusters from an overall 

population. It allows the model to distribute in different clusters automatically without 

knowing the source cluster of any particular data point. The algorithm used in GMM is called 

Expectation Maximization. EM algorithm for GMM is based on soft closuring [8]. If the 

source points are unknown for a random set of data points are given from different clusters, 

from Bayesian theorem the probability is [11-12] 

���� = �
√�	
� ��/�[����/
]�

                         (1) 

In Eq. (1), � is the mean and �� is the variance, x is a random data point. Here the input data 

is a 2-D vector i.e.; RA versus AF, 

� = {�� = ����, ����, �� = ����, ����, … … , �� = ����, ����}                      (2) 

the classes are {1, 2} that represent AE related to tensile and shear mode respectively, which 

indicates two clusters and the events are independent. In Eq. (2), ‘X’ is total data set. 

The final equation comes as 

� ��
� ,Σ� = �

√�	.!Σ ��/�[����"Σ#$����]$
                           (3) 

Where Σ is the co-variance. Similarly for a mixture of Gaussians also called as “Linear super-

position of Gaussian’s”  

���� = ∑ &'(� �
�)

,�
'*� Σ'�                   (4) 

&� = +$
+   for tensile                               (5) 

&� = +�
+   for shear                                 (6) 

And the maximum likelihood equation can be written as  

ln .� �
�)

,Σ	0, π0� = ∑ ln p�x3� = ∑ ln	[∑ π0
�
0*�

4
3*�

�
3*� N�67

µ7
,Σ0�]                   (7) 

 

3.2. Supervised and Unsupervised learning  

 

Unsupervised learning is used to find groups of data points with same behavior. Any previous 

data is not required for this learning. One can directly classify into groups depending on, how 

closely the data is in variables to each other. In supervised learning the labels assigned to data 
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are known before computation. And are being used in order to 'learn' the parameters that are 

really significant for those Clusters. A supervised learning algorithm analyzes the training 

data and produces an inferred function, which can be used for mapping new examples.[13-

14] Hence, we require support vector machine (a supervised method) with GMM which is 

unsupervised. 

 

3.3. Support Vector Machine   

Support vector machine is a supervised machine learning algorithm which is used for 

classification or regression problems. SVM has been used successfully in many real-world 

problems like text (and hypertext) categorization, image classification, bioinformatics 

(protein classification, cancer classification) and hand-written character recognition. Here we 

used SVM to classify data acquired through AE testing while cracks propagation in sample. 

In this algorithm, each data point is plotted in two-dimensional space with the value of each 

feature being the value of each coordinate. Then classification of data points is done by 

finding the hyper-plane that separates the two classes well (as shown in Figure 1c). The goal 

of SVM is to find the optimal hyper-plane which maximizes margin. In this section 

mathematics involved in SVM is presented with brief description of concept. 

 

 

 

 

 

 

 

Figure 1. (a) Schematic representation of AE signal (b) SVM-hyper plane 

Let the equation of hyper-plane be W
T
X=0, where W is the normal vector to the hyper-plane 

and X is the data set. We have to find the biggest margin for optimal hyper-plane. Let 

w9x : b = 0 be the equation of hyper-plane (H0), which is assumed as optimal hyper-plane. 

Now let’s select two other hyper-planes H1 and H2 with equations w
T
x+b = δ and w

T
x+b = -δ 

such that H0 is equidistant from H1 and H2. To simplify our calculations we can take δ=1. 

Now, we should make sure that no point lies between H1 and H2.  

for xi having class 1 w9x= : b > 1                (8)           

for xi having class -1 w9x= : b @ A1                  (9) 

Combining both constraints we can write, 

y=�w9x= : b� > 1                   (10) 

Let k be a vector in the direction of 
C

||C||, with magnitude m, the margin value. Then  

k=m. E
||E||                   (11) 

 

Let x0 be a point on H2 and z0 be a point on H1 which implies z0=x0+k; 

We can write, w
T
z0+b=1, w

T
x0+b= -1 

w9�xF : k� : b = 1		               (12) 

RT

A 
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 Average Frequency(AF)=Counts/Duration
Rise Angle(RA)=Rise time/Peak Amplitude
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Threshold 

Time 

Figure 1a 
Figure 1b 
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w9�xF : m. E
||E||� : b = 1		                (13) 

w9xF : m. w9. I
||I|| : b = 1				              (14) 

w9xF : m||I||�
||I|| : b = 1				            (15) 

w9xF : m||w|| : b = 1																      (16) 

m||w|| = 2				                 (17) 

m = 	 �
||C||			               (18) 

Now we know that to maximize the margin we have to minimize ||w|| in other words we have 

to minimize 
�
�w

T
w, subjected to the constraint  y=�w9x= : b� > 1. Such problems can be 

solved using Lagrange multipliers [ ].  

L(w,b,α)=
�
�w

T
w – ∑ α=y=�w9x= : b�+

K*�  + ∑ LK
+
K*� , subjected to αi ≥ 0, Ɐ i                   (19) 

For optimum solution minimize L with respect to w and b, and maximize L with respect to L.  

w0 = ∑ LKMK�K
+
K*�                    (20) 

∑ LKMK = 0+
K*�                    (21) 

KKT conditions, αi[yi(NF
O�K : PF)-1] = 0                   (22) 

Hence we can find the optimum Hyper plane. 

All classification techniques have advantages and disadvantages, which are more or less 

important according to the data which are being analyzed, and thus have a relative relevance. 

Few limitations of SVM algorithm are (a) Choice of kernel function and kernel parameters 

and (b) High algorithmic complexity and extensive memory requirements. 

 

4. Experimental program 

4.1. Material and test specimens. 

A total of 33 cylindrical specimens were casted. The specimens were cylinders with 

dimensions of 150 mm in diameter and 300 mm in height. 11 cylinders were casted using 

Mix-I (maximum coarse aggregate size is 20 mm) and (11 cylinders each). With Mix-II 

(coarse aggregate size is 12.5 mm) eleven cylinders were casted. To study the effect of coarse 

aggregate, 11 cylinders of cement mortar were also casted. The intension is to study the effect 

of presence of aggregate and how it differs with the properties of cement mortar. While 

preparing the mixtures, the w/c ratio was being kept as 0.45 for concrete and 0.52 for mortar. 

While the fine aggregate to cement ratio used was being kept as 1.67. The specimens were 

tested for different curing periods of seven days, fifteen days and twenty eight days for 20 

mm mixture, seven days, seventeen days and twenty eight days for 12.5 mm mixture and 

seven days, fifteen days and twenty eight days for cement mortar. The concrete mixture 

details (by weight) are given in Table 1. 

 

Table 1 Cementitious materials mixture details (per cubic metre) 

 

 

 

 

 

 

 

 

 

Type of 

specimen 

Coarse 

aggregate 

(kg) 

Fine 

aggregate 

(kg) 

Cement 

(kg) 

Water 

(litres) 

Mortar Nil 88 44 20 

Mix-I 80 51 28.5 13 

Mix-II 77 50 31.5 14.2 
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4.2. Experimental Procedure 

 

The tests were conducted using servo controlled hydraulic testing machine (MTS) of capacity 

1200 kN. Simultaneously, the released AE were recorded using a AE monitoring system. The 

schematic diagram of the test specimen is shown in Figure 2. For recording AE data, two 

resonant type (57 kHz) AE sensors with preamplifier gain of 40dB were used in this setup. 

Each sensor is placed at a height of 150 mm from bottom of cylinder on to the either sides of 

a diameter using a couplant.  To increase the acoustic impedance the couplant was used. AE 

sensors with preamplifier gain of 40dB were used in this setup. Specimens were tested till 

failure. Monotonically increased uniaxial compressive load under displacement control with 

rate of loading of 0.005 mm per second was applied. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Schematic diagram of concrete test specimen showing the AE sensors. 

 

5. Results and Discussions 

A typical load versus time plot is shown in Figure 3. The five instants (load steps) were 

considered to study the GMM and SVM. The first time interval till 20% of peak load (σf), 

LS2 is of 20% to 50% of peak load, LS3 is of 50% to 80% of peak load, LS4 is from 80% to 

failure load, LS5 is period after failure.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. Various time intervals considered for GMM analysis, Mix-I (7days) 
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Figure 4a shows load variation with age of concrete. It is observed that that as the curing 

period increases, the strength of the concrete also increased. Although it is known fact, the 

present study confirms the fact. Figure 4b shows cumulative energy versus hits. It can be 

observed that cumulative energy indicates the energy released due to the formation of cracks 

in the specimen. As the curing period is increasing the number of hits are decreasing which 

implies that the specimen is failing quickly. 

 

   

 

 

 

 

 

 

Table 2  Cylinder compressive strength  and peak load at different curing periods. 

 

 

 

 

 

 

 

 

 

The recorded AE signal from a discrete or burst type emission have number of basic 

parameters; peak signal amplitude, rise-time, average frequency, ring-down count and 

energy. Most of these are complex functions of the frequency response of the sensor and 

structure, damping characteristics of the sensor and propagation medium, coupling efficiency, 

sensor sensitivity, amplifier gain and threshold voltage. In the past, AE systems were only 

able to record these parameters, known as AE feature data, and not whole waveforms 

throughout a test, so analysis techniques were limited. The waveform parameters however, 

provide a good indication of the intensity or severity of any AE source and this information 

can be used to determine whether the structure under test is accumulating damage.  

 

For each load step, the RA and AF were calculated from each AE signal detected. By using 

these parameters, cracks are classified into tensile cracks and shear cracks by implementing 

GMM analysis and this classification was validated using SVM method. Tensile cracks 

exhibited lower RA and higher AF than shear cracks as shown in Figure 5. As X-axis 

represents RA the tensile cluster is the left side which means its x-axis values (RA values) are 

less than shear cluster which is on right side. It can observed from plots obtained from GMM 

as shown in Figure 5, that during initial loading stage shear contour is less observed but as it 

approaches failure zone, shear contours are dominant. In LS 2 we can see that shear cracks 

are initiated,  as it approaches LS 4 shear cracks % increased and again after failure i.e; in LS 

5 shear cracks decreased. It proves that as the specimen is entering into failure stage shear 

Cementitious 

materials 

Peak Load 

(kN) 

Nominal compressive 

strength (MPa) 

Age (days) Age (days) 

7 15 28 7 15 28 

Mix-I 401.01 587.01 640.88 22.7 33.2 36.3 

Mix-II 378.13 407.1 452.62 21.4 23 25.7 

Mortar 341.33 367.47 406.75 19.3 20.8 23.1 

Figure 4.  (a) Variation of peak load with curing period (b) Cumulative energy 

Fig. 4a Fig. 4b 
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LS 2 
LS 4 

LS 3 LS 5 

Figure 5. GMM of feature vectors (Mix-I, 28 days) 

LS 2 LS 3 

LS 4 LS 5 

cracks will be developed emitting large amounts of energy. In Figure 5 the contours shown 

were of concrete with 20 mm aggregates after curing period of 28days.  

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

As mentioned in Section 3.1, GMM is based on theory of Bayesian probability. The recorded 

AE data is classified into 3 data sets belonging to shear, tensile and mixed clusters. This can 

be shown in Figure 6 for various load steps of concrete mixture. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6. Bayesian plots (Mix-I, 28 days) 
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LS 4 

LS 2 
LS 1 

LS 3 

 

From Support Vector Machine algorithm, we can draw a hyper plane dividing two clusters as 

discussed earlier. The plots of hyper planes for the concrete specimen of 20mm aggregate 

size and curing period of 7days are shown in four different Load Steps in fig.5. We can 

observe that the slope of the hyper plane is increasing as it approaches failure stage. 

 

 

 

 

  

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

  

 

 

From the results obtained from SVM we can calculate the error rate of data clustering using 

the below mentioned formula. [4] 

 

Q = �
R ∑ S�A1 × U'V�M'��R

'*� ; ε ≤ 0.5                 (23) 

 

Where m is the size of testing vector and H(u) is the Heaviside step function, zk is the label 

set given to data and g(M') is the transformed function of data. If the error is above 0.5, we 

have to interchange the signs of zk and update the error as ε = 1- ε. [4] 

Hence we can calculate error for each parameter pair of AE parameters and can know the best 

fit pair with least possible error. 

 

The results of percentage of shear and tensile cracks obtained are shown in Table 3 and Table 

4 and Table 5. These are obtained by calculating the number of data points present in 

respective clusters dividing with total number of data points acquired i.e.; number of hits in 

shear and tensile clusters is calculated. The percentage of shear and tensile cracks are given 

according to increment of the load steps in Table 3-Table 5.  Also Table 3 compares among 

the Mix-I, Mix-II and cement mortar for curing period of 28days. It can be observed from 

Table 3 that in load step-4 the percentage of shear cracks is increasing as size of aggregates is 

decreasing. Table 4 and Table 5 compares among the same mixture but for different curing 

periods of 7, 15 and 28 days. An observation can be made that percentage of cracks first 

increases then decreases. There is no particular trend in percentage of shear cracks. 

Figure 7. SVM discriminant hyperplane (Mix-I, 7 days) 
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Table 3. Percentage of AE hits recorded during shear, tensile cracks for Mix-I, Mix-II and 

Mortar specimens  at different curing periods  

 

 

Table 4. Percentage of AE hits recorded during shear, tensile cracks for Mortar specimens  at 

different curing periods 

 

Table 5. Percentage of AE hits recorded during shear, tensile cracks for Mix-I specimens at 

different curing periods 

 

 

5. Conclusions 

 
From above experimental observations the following major conclusions can be drawn. 

  

1.AE energy is released more at 7 days curing period. Also AE energy released more during 

shear cracks formation. AE hits recorded decreased as the curing period is increasing which 

proves that brittle nature of specimen increases as age of concrete increases. 

2. In most of the specimens shear cracks formation starts in LS 2. As the LS 4 starts, 

percentage of shear cracks formed is increased. Also as the size of aggregates decreases, the 

percentage of shear cracks increases.  

3. As the curing period increases the percentage of shear cracks does not follow any 

particular trend. Percentage is first increasing and then decreasing in all specimens. More 

experiments to be conducted to confirm.  At initial stages of loading, tensile cracks occur and 

as the loading increases shear cracks occur. Future work should investigate the effects of 

specimen ductility, loading rate, and sensor layout. 

Mix-I (age: 28 days) Mix-II (age: 28 days) Mortar (age:28 days) 

Shear (%) Tensile (%) Shear(%) Tensile(%) Shear(%) Tensile(%) 

19.97 74.42 6.72 92.48 6.25 92.68 

20.03 72.79 19.85 72.18 17.64 74.67 

16.84 76.94 10.15 88.84 15 79.11 

16.86 76.38 23.03 68.32 24.32 66.76 

6.78 92.12 7.38 91.43 7.08 92.09 

Mortar ( age: 7 days) Mortar (age: 15 days) Mortar (age:28 days) 

Shear (%) %tensile(%) %shear %tensile %shear %tensile 

34.72 55.79 26.86 65.36 6.25 92.68 

18.73 72.71 21.8 70.05 17.64 74.67 

23.49 67.93 13.24 83.43 15 79.11 

24.24 68.49 30.08 50.87 24.32 66.76 

6.4 92.49 5.93 93.06 7.08 92.09 

Mix-I  (age:7 days) Mix-I (age: 15 days) Mix-I (age: 28 days) 

Shear (%) Tensile (%) Shear(%) Shear(%) Tensile (%) Shear(%) 

19.95 75.43 17.27 75.87 18.8 76.05 

20 72.47 8.04 90.16 20 74.86 

9.58 85.63 3.8 95.61 16.31 77.42 

12.8 82.92 22.4 69.48 17.54 75.93 

0.67 99.17 7.44 91.74 6.13 92.58 
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