
 

J. Acoustic Emission, 30 (2012) 64  © 2012 Acoustic Emission Group 

AE Wavelet Processing in Dynamical Tests of a Reinforced Concrete Slab 
 

Miguel E. Zitto1, Rosa Piotrkowski1,2, Antolino Gallego3  
and Francisco Sagasta3 

1 Mathematics Department, Engineering Faculty, University of Buenos Aires, Argentina. 
2 School of Science and Technology, University of San Martin, Argentina  

3 Department of Applied Physics, University of Granada, Spain 
 

Abstract 
 
 Different processing techniques have been previously applied to AE signals coming from 
dynamic tests of reinforced concrete structures on a shaking table. The dynamic test simulated 
the earthquake of Campano-Lucano recorded in Calitri, Italy. After the test, the recorded AE had 
been classified into fracture and noise hits according to various parameters: autocorrelation, 
power wavelet in different frequency bands, kurtosis, RMS from different parts of the signal and 
approximate entropy value. The results of comparing the classifications of the hits according to 
different parameters encouraged the convenience of using the filtered AE signals to obtain 
damage indices in RC structures subjected to earthquake loads. Values of the parameters thus 
obtained are used in the present paper as guidelines of our work, but the philosophy of the 
processing is now different. The hits are not already classified into fracture or noise hits 
according to different parameters, but instead relevant information is extracted from each hit by 
adequate processing and filtering. Continuous wavelet transform, most suitable for non-
stationary phenomena, was applied to each hit; various wavelet bases were tested in order to 
improve scale resolution. Different scale (frequency) bands could be ascribed to different AE 
sources; the bands were separated using statistical clustering methods. The comparison with the 
cumulative dissipated energy related to damage permitted to clearly identify the band, which 
corresponds to concrete fracture. The proposed algorithm is automatic and direct and it improves 
previous procedures, besides providing a deeper physical understanding.  
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1. Introduction 
 

The applicability of acoustic emission (AE) to assess the damage in reinforced concrete (RC) 
structures subjected to earthquake loading was investigated in previous papers [1-3]. One of the 
main challenges in applying the AE technique to measurements obtained from such complex 
dynamic loading is to remove the spurious information not related to concrete damage. A 
procedure was applied in [1-3] to the measured AE signals obtained from dynamic shaking table 
tests conducted on a RC slab supported on four steel columns. The proposed procedure consisted 
in applying two filters; one of them was a polygonal filter over the Amplitude-Duration diagram, 
and the other one was based on the calculation of the RMS of the AE signal in different temporal 
windows. The filters were applied in order to separate the short-duration signals (associated with 
concrete fracture and, thus, with cumulative damage to the structure) and the long-duration 
signals (corresponding to other noisy mechanisms). A quite good correlation between the 
cumulative AE energy thus calculated and the cumulative damage on the concrete measured in 
terms of cumulative dissipated energy was obtained.  

 
In the present paper we intend to achieve the same or better results applying algorithms that 

involve straight, automatic and physically grounded procedures to each AE signal. In this way 
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we hope to obtain at the same time more efficient codes to assess damage and a deeper 
understanding of the basic phenomena connected with damage generation in RC structures 
subjected to earthquake loads. 

 
In the line of previous work [4,5] performed on scratch-tests on coatings, specific frequency 

bands were intended to be assigned to different failure mechanisms applying the Continuous 
Wavelet Transform (CWT) to AE signals. 
 
2. Modeling and experimental background 
 
 Modeling and experimental details are fully explained in [1-3], and the AE signals processed 
in the present work are some of those used in previous work. A brief description is provided for 
clarity.  
 
 The objective of our work is to calculate the cumulative AE energy (named AE in what 
follows for simplicity) and to perform the comparison with the cumulative dissipated energy 
related to damage (named DE) that was previously obtained in [1,2] and was named WP in those 
works. 
 
From basic principles of dynamics, and assuming that the inherent damping of the structure is of 
the viscous type, in a one-dimensional model, the equilibrium equation can be expressed by   
 0=++ r

t Fxcxm    (1) 
where x is the relative horizontal displacement between the shake table and the slab, tx is the 
absolute acceleration of the slab, c is the viscous damping coefficient (c = 4πξm/T), m is the 
structure mass, T is the vibration period, ξ  is the viscous damping fraction of the structure (see 
Table 1) and Fr is the restoring force opposed by the tested structure against the relative 
displacement x. Solving Eq. (1) for Fr the corresponding Fr-x curves were obtained, and then, the 
cumulative energy DE dissipated by the test model was calculated by integration.  
 
2.1 Experimental setup and seismic simulation 
 
 Here, the experimental acquisition of parameters is described.  The experimental setup was a 
one-story (2.8m height) and one-bay (4.8m length) prototype structure consisting of an RC slab 
supported on four box-type steel columns. It was designed following current Spanish codes 
NCSE-02 and EHE-08. From the prototype structure, the corresponding test model was derived 
by applying the following similarity laws: lλ =1/2, aλ =1 and σλ =1, where lλ , aλ and σλ  are the 
scaling factors by which the geometry, the acceleration and the stress in the prototype must be 
multiplied to obtain the corresponding dimensions in the test model. The thickness of the slab 
was 125 mm and it was reinforced with steel meshes, one on the top made with 6 mm diameter 
bars spaced 100 mm, and another on the bottom consisting of 10 mm diameter bars spaced 75 
mm. The test model was prepared in the laboratory. The average yield stress fs of the reinforcing 
steel was 467 MPa, and the average concrete strength fc was 23.5 MPa.  
 
 The test model was tried with the uniaxial MTS 3×3 m2 shaking table of the University of 
Granada (Spain). The bottom ends of the columns were fixed to the table by bolts. Similitude 
requirements between prototype and test model and the dead and live gravity load were satisfied 
by attaching additional steel blocks on the top of the RC slab. The total mass of the slab 
including the added steel blocks was m =7390 kg. The acceleration record used for the shake 
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table tests reproduced the NS component of the 1980 Campano-Lucano earthquake recorded at 
Calitri (Italy).  
 
 Two series of seismic simulations were applied to the test model. The same accelerogram 
was used in all simulations, the scaling factor of the peak accelerations (PA) being the only 
difference (Table 1). The first series consisted of eight simulations with PA increasing 
progressively from 0.08g to 0.58g (g: gravity of acceleration). The second series consisted of six 
simulations with PA increasing from 0.19g to 0.95g. The second series started with values of PA 
smaller than the maximum obtained in the first series, that is, in several simulations of the second 
series the test model was subjected to load levels smaller than those it had been previously 
exposed to. This was intentionally done so that the simulations reproduced two types of 
situations on the structure: (i) that in which the AE energy and the dissipated energy related to 
damage are dominated by the new damage associated with the opening and extension of cracks; 
and (ii) the situation in which AE energy and hysteretic energy are dominated by friction 
generated from existing damage. Both situations are realistic scenarios that the structure may 
experience over its lifetime. During the seismic simulations the test model was driven very close 
to the limit commonly acceptable on an RC structure subjected to moderate earthquakes. The 
measurements of the strain gages attached to the reinforcing bars indicated two facts: the 
maximum strain in the reinforcing bars ε max,reinf  closely reached the yield strain (2200 µε); slip 
occurred between the longitudinal reinforcing bars and the surrounding concrete. The variables ξ 
(damping fraction) and T (vibration period) of Table 1 were determined in free vibration tests. 

 
Table 1: Seismic simulations 

Test series 

PA 
(g) 

T(s) ξ(%) εmax,reinf 

(µε) 
1 2    
Simulation 
(in order of 
application) 

   

A1  0.08 0.26 1.10 497 
B1  0.10 0.29 1.14 568 
C1  0.12 0.30 1.20 638 
D1  0.19 0.31 1.26 909 
E1  0.29 0.31 1.30 1150 
F1  0.38 0.31 1.42 1361 
G1  0.44 0.31 1.48 1537 
H1  0.58 0.31 1.60 1670 

 A2 0.19 0.32 1.66 836 
 B2 0.38 0.32 2.11 1295 
 C2 0.58 0.32 2.55 1350 
 D2 0.66 0.32 3.16 1460 
 E2 0.74 0.32 3.24 1540 
 F2 0.95 0.32 3.50 1800 

 
2.2 Monitoring 
 
2.2.1 Displacement, strains and acceleration monitoring  
 Displacement, strain and acceleration were simultaneously acquired during each seismic 
simulation. The relative horizontal displacement x between the shake table and the slab was 
measured by displacement transducers. Electrical resistance strain gages were attached to 
nineteen (top and bottom) longitudinal reinforcing bars near the corner of the slab prior to 
casting the concrete. Strain gages were also attached at the upper and lower ends of the columns. 
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Accelerometers were fixed to the shake table and to the slab, which measured the absolute 
acceleration of the table and the absolute response acceleration of the slab, in the direction of 
shaking. All data were collected continuously with a sampling rate of 200 Hz by a data 
acquisition system. In addition to the electronic data, detailed visual inspections of the slab were 
made after each seismic simulation to identify the propagation of the cracks.  
 
2.2.2. AE monitoring 
 A Vallen Systeme ASMY-5 was used to measure the AE signals during the tests. Eight low-
frequency AE sensors, type VS30 set in the range 20-100 kHz, were placed on the test model; 
four positions were chosen along the four lateral sides of the specimen, while the other four 
positions were on the bottom of the specimen. In all channels, the 25-180 kHz frequency band 
was used during signal acquisition. During acquisition, a sample period of 1.6 µs and 1024 data 
were used for signal recording (200 of them, before the arrival time). Thus, the entire duration of 
the record window was tmax=1318 µs. Silicone adhesive bonding agent was used for the coupling 
of sensors on concrete. Before testing, the electric noise in the laboratory was measured and a 
calibration test by breaking pencil leads (AE Hsu-Nielsen source) along the specimen was 
carried out. Thus, it was established that using 45 dB as the threshold of detection, pencil leads 
broken at any place of the specimen could be recorded by all the sensors. Also to prevent 
undesired noise generated by the contact between the base plate of the columns and the shake 
table, four guard sensors were placed near the bottom end of the columns.  
 
 Attenuation tests were carried out by breaking pencil leads along the specimen and 
measuring the signals in all the 8 sensors. Five leads were broken at each position, and the mean 
value was calculated. Thus, it was established that 0.11 dB/cm was the mean attenuation. Then, 
keeping in mind that the point farthest from an AE sensor (the center of slab) is 94 cm away, the 
maximum attenuation of a source located at that point would be 10.3 dB. Since a threshold of 45 
dB was used, it can be stated that all the sources producing AE signals with amplitude higher 
than 55.3 dB could be recorded by at least one sensor. Note, however, that the center of the slab 
is the place where less cracking is expected, since the bending moment under lateral loads is 
approximately zero. 
 
 In general, different modes of propagation can be expected in the AE waves generated by the 
cracking of a concrete slab (i.e. longitudinal waves, transversal waves, Rayleigh waves). These 
modes of propagation superpose and are influenced by many factors such as the mechanics of the 
damaging process in concrete. Under earthquake-type cyclic loadings, the concrete experiences 
both damage associated with the opening (new cracks) and extension of cracks, and damage due 
to friction between the planes of fracture of previous cracks. Other factors such as the orientation 
of the cracks, the geometry of the specimen, the type of sensor, the multiple reflections occurring 
along the wave path between the source and the sensor etc., play an important role. Most of these 
factors are random and they can hardly be controlled. All these factors make the signal very 
cumbersome and modify the vibration modes. The analysis of a complex material such as 
concrete or of a reinforced concrete structure based on the study of the vibration modes is 
meaningless, since it is very difficult to identify the different vibration modes.  
 
 For the depth of the slab tested in this study (125 mm), the frequency of the propagation 
modes corresponding to the Lamb waves is below 20 kHz, that is, outside the frequency range of 
sensitivity of the two types of sensors used. Therefore, it can be concluded that the recorded 
waves are a mixture of longitudinal and transversal waves. Besides, the velocity of propagation 
of the longitudinal waves was measured by breaking pencil leads, giving an average value 
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(obtained with six measurements in the longitudinal direction of a concrete bar made of the same 
material of the slab) of 3200 m/s.  
 
 Due to the complexity of the test and of this type of dynamic loading, a great quantity of 
undesired friction noise and mechanical noise was expected. For this reason, different 
precautions were taken to deal with such spurious signals before and after the test. Considerable 
mechanical noise coming from the oil flow in the actuator that moved the shaking table was 
detected. The level of this noise was above 100 dB in the actuator, and about 70 dB at the base of 
the four steel columns that formed the specimen. For this reason, one guard sensor was placed at 
the bottom of each column, in order to filter out this noise and the friction noise generated in the 
connection between the base plate of the columns and the surface of the shaking table. 
 
3. AE signal processing 
 
3.1 Continuous Wavelet Transform (CWT) 
 
 The wavelet transform is widely used to analyze time series that contain non-stationary 
power at many different frequencies. We next describe the method used for the wavelet analysis, 
including a discussion of different wavelet functions and details for the analysis of the wavelet 
power spectrum. The proposed equations, obtained from the continuous formulas, have been 
adapted to discrete notation according to results obtained by other authors [6, 7]. The CWT of a 
function f(t) is defined as the integral transformation in Eq. (2)  

 ( ) ,( , ) ( ) ( ) 0s bW f s b f t t dt sψ
∞

−∞

= ≠∫  (2) 

with the wavelet function ( )tψ  and Eq. (3) has to be fulfilled. 
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In order that ( )tψ  is “admissible” as a wavelet, this function must have a zero mean value and it 
has to be localized both in time and frequency spaces. An example is the Morlet wavelet, 
consisting of a plane wave modulated by a Gaussian, i.e.  
 ( ) 2

01/4 /2ie eω η ηψ η π − −=  (4) 
where ω0 is a non-dimensional frequency, here taken as 6 in order to satisfy the admissibility 
condition. 
 
 The CWT of a discrete sequence ( )x n tδ⋅  is defined as the convolution of ( )x n tδ⋅  with a 
scaled and translated version of ψ(η) given in Eq. (5), (see [8]) 
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Although it is possible to calculate the wavelet transform using the given equations, it is 
considerably faster to do calculations in the Fourier space using a discrete Fourier transform 
(DFT). The DFT of a sequence nx  is given by 

 
   
x k =

1
N

xn exp(−i2π k n / N )
n=0

N−1

∑  (6)
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 The following Eq. (7) was obtained by three steps: discretization of Eq. (2); DFT of Eq. (5); 
inverse DFT (IDFT). 

   
W x( )(s,n) = s  xk  

ψ k (s ω k ) 
k=0

N−1

∑ exp(iω kn δ  t)  (7) 

where the angular frequency is 
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 We can calculate the CWT for a given s and for all n simultaneously using Eq. (7) and a 
standard Fourier transform routine. It is then possible to reconstruct the original time series from 
the CWT. This is straightforward for an orthogonal wavelet transform, but it is complicated for 
the CWT because of the redundancy in time and scale. However, this redundancy has the 
advantage of allowing the reconstruction of the time series using a completely different wavelet 
function, the simplest of which is a delta function [7]. For a real time series 
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where the index j is the one corresponding to the scale 02
j j

js s δ⋅= , with j=0,1,…,J. The factor Cδ  comes 

from the reconstruction of a δ  function from its wavelet transform using the function ψ(η). This factor  is 
a constant, different for each wavelet function; for the Morlet wavelet it is =0.776 Cδ . 
 
 Summarizing, the calculation is essentially described in Scheme 1. 
 Scheme 1 

1. Selection of the wavelet function 
2. Discretization and scale selection 
3.  DFT calculation of the signal and the wavelet  
4. IDFT calculation of the product of both Fourier transforms 
5. Eventual reconstruction of the filtered signal 

 
3.2 Statistical clustering (K-means algorithm) 
 

A very popular approximate non-hierarchic method is the K-means method [9-11], which has 
been used in previous occasions [12-15] with very good results. The idea of this algorithm is to 
divide the n samples into k groups/clusters according to how far the sample is from certain mean 
values, which are found in an iterative procedure. In this way, the concept of metric is introduced 
and a distance definition is needed. In our case, we used the Euclidean distance. The number of 
clusters k should be selected from the beginning according to physical criteria. 

 
For a given a set of samples, each one consisting of n samples {xi}, the K-means algorithm 

will try to find the vector of k-means values {µi}. The algorithm starts with random seeds for the 
{µi} values and from them all the samples are classified according to the nearest µi. Once it is 
done, the mean values are recomputed applying maximum-likelihood criteria until the difference 
with the previous set of {µi} is practically zero. The calculation is concisely described in Scheme 
2. 
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 Scheme 2 
1. begin 
2. initialize variables n, k, µ1, µ2,… µk 
3. do  
4. classify n samples according to nearest µi 
5. recomputed µi 
6. until no change in µi 
7. return µ1, µ2,… µk 
8. End 

 
In the present work the selected number of clusters was 2, because we considered that relevant 
information related to concrete damage corresponded to a specific frequency band. 
 
4. Results and Discussion  
 
4.1 Wavelet selection 
 
 The seismic simulations B1, D1, F1, H1, D2, and F2 were selected from Table 1.  The first 
step in the wavelet analysis was the selection of the wavelet function among different 
possibilities: orthogonal or non-orthogonal, complex or real, shape. We decided to use the non-
orthogonal transform because we did not expect very sharp variations in the absolute values of 
the wavelet coefficients. Different wavelets were tested: Morlet, Paul of order 4, (both complex) 
and Derivative of a Gaussian (DOG) of order 2 (real). In all cases the wavelet power spectrum, 
defined as |(W x)(s, n)|2, was plotted on a time-scale mesh. Although similar results were 
obtained for the three wavelets, the Morlet wavelet was selected because of the best scale 
resolution. 
 

Table 2. Morlet wavelet index and scale and Fourier period and frequency  
 

Index 
(j) 

Scale 
(s) 

Period  
(µs) 

Frecuency  
(kHz) 

0 3.2 3.3 302 
1 3.8 3.9 254 
2 4.5 4.7 214 
3 5.4 5.6 180 
4 6.4 6.6 151 
.. .. .. .. 
8 12.8 13.2 76 
9 15.2 15.7 64 
10 18.1 18.7 53 
11 21.5 22.2 45 
12 25.6 26.4 38 
13 30.4 31.4 32 
14 36.2 37.4 27 
15 43.1 44.5 22 
.. .. .. .. 
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4.2 Wavelet scale and Fourier frequency 
 
 It is convenient, from the computational point of view, to express the scales as potential 
functions with fractional exponents and base 2. In all the cases the scales were taken as: 

0 2
j j

js s δ= ⋅ , with j = 0, 1, …, J, the lower scale being so = 2 δt, where δt is the sampling period of 
the signal (1.6 µs) and ( )1

2 0log /J j N t sδ δ−=  is the index that allows to obtain as highest scale 
value maxs N tδ= ⋅ . Table 2 shows the scales used for a sampling period of 1.6 µs that was the 
same for all the seismic simulation signals, and δj = ¼. To find the relationship between the 
wavelet scale and the period we performed the wavelet transform of a cosine wave of known 
frequency with a particular wavelet function (Eq. 7). Then, the scale at which the wavelet power 
spectrum reaches the maximum is calculated, and this period is known as the equivalent Fourier 
period [16]. Using the Morlet wavelet, with ωo = 6, the scale has to be multiplied by 1.03 to 
obtain the period.  
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

Fig. 1. Typical wavelet power spectra. Test D2. Time in microseconds. 
 
 Figure 1 shows typical wavelet power spectra from signals obtained in the seismic simulation 
D2. The highest values of absolute wavelet coefficient occur at characteristic scales. This was a 
general result.  
 
4.3 Statistical clustering (K-means Algorithm)  
 
 In order to clearly recognize the wavelet scales related to different processes the highest 
value in each CWT matrix was considered. The wavelet scale location of these maxima was 
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defined as a component of the data vector, to which the one-dimensional (1D) K-means 
algorithm was applied [15]. We found that the maxima occurred at the scales: 12.8; 15.2; 18.1; 
21.5; 25.6; 30.4; 36.2. Figure 2 displays a graph where the time (horizontal axis) refers to the hit 
occurrence and the wavelet scale (vertical axis) refers to the scale, for which the absolute value 
of the wavelet coefficient is highest for the given hit. We then applied the K-means algorithm 
with different number of centroids k, finding that for k = 2 the scales 36.2 and 18.1 (see Fig. 2) 
were the most significant. In fact, the centroids were located at these positions and they can be 
clearly seen as two horizontal lines in Fig. 2. From previous works [1-3], we knew that high 
scales are associated with noise. For this reason, the scale 18.1 was pre-assigned to concrete 
fracture. This result was validated in our work as it is explained in Section 4.4. 

 
Fig. 2. 1D Clustering applied to the scale location of the maximum absolute values of CWT 
versus the time of hit occurrence. Test D1 in Table 1.  
 
4.4 AE Energy (AE) 
 
 The cumulative dissipated energy in damage processes, obtained by integrating rF  over x , 
that is to say DE, is considered an appropriate parameter for characterizing low-cycle fatigue 
damage in RC components and is used for well–established RC damage indices [17]. Correlation 
between the AE energy obtained from filtered signals (AE) and DE was previously performed 
and demonstrated in [1,2]. Our objective is to perform the same correlation with signals filtered 
with the method proposed in the present work. For that, from the wavelet transform of the signal 
we picked up the coefficients of scales assigned to fracture and then reconstructed the filtered 
signal (Eq. 9). AE of the filtered signal was calculated; this procedure is necessary for non-
orthogonal wavelet functions. For all the tests analyzed in this work the best correlation between 
cumulative AE and DE was obtained when the 18.1 scale-53 kHz band was considered. This 
result could not be improved with other bands or by adding different bands. Figure 3 shows as an 
example the evolution of cumulative AE and DE for test D1, considering for AE only the scale 
18.1, only the scale 36.2 and the whole signal (not filtered signal). 
 
 Figure 4 shows the comparison of cumulative AE of the band 18.1 and cumulative DE for all 
the seismic simulation considered in the present work. It can be seen that both curves follow 
similar trends, like in paper [1,2]. The advantage of the present results is that they were obtained 
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with a more direct and faster procedure, which is implemented in a totally automatic way and a 
deeper understanding is possible.  
 

 
Fig. 3. Correlation between cumulative AE (blue) and cumulative DE (green) for test D1.  

 
 A portion of the mechanical energy provided by the actuator dissipates into heat; this portion 
can be obtained by integrating the viscous force over x. Another portion of the mechanical 
energy dissipates into damage; it can be obtained by integration of the restoring force over x. 
This dissipation occurs when irreversible microstructural changes take place: fracture processes 
in concrete and deformation processes in the reinforcing steel. These damage processes 
altogether contribute to DE. On the other hand, the cumulative acoustic energy AE is mainly due 
to the fracture of concrete and friction between faces of previous cracks. By comparing the blue 
and the green curves in Fig. 4, we can think that in the case that a jump in DE is not 
accompanied by a similar jump in AE it is because the deformation of reinforcing steel is 
prevalent. When a jump in AE occurs that is not accompanied by a jump in DE, this would 
indicate a process connected with previous fracturing; it could be ascribed to friction between the 
faces of previous fractures. In general we can infer from the graphs that concrete fracture is 
prevalent and/or fracture of concrete and deformation of reinforcing steel are correlated; this 
would explain the similar trends. These facts deserve to be quantitatively established in future 
work.  
 
5. Conclusions  
 

1. The wavelet power spectra obtained with the Morlet wavelet reaches maximum values 
mostly at certain scales (frequencies). This was observed visually and then fully 
automatically corroborated using the K-means algorithm. 
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Fig. 4. Normalized AE (blue) reconstructed with scale 18.1 and DE (green). Curves show the 
evolution of cumulative energy. 
 

2. We could identify the AE frequency band associated with concrete damage mechanisms 
(opening and extension of new cracks and friction of previous fracture faces) in 
reinforced structures submitted to load tests simulating moderate earthquakes.  

3. We found that filtering the acoustic signals by the CWT and reconstructing the signal by 
taking the coefficients corresponding to the scale 18.1 (frequency 53.3 kHz) we obtained 
a quite good correlation between the cumulative AE and DE for all the seismic 
simulations considered in the present work.  
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