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Abstract

:

This paper presents a real time monitoring methodology to identify the location of acoustic emission (AE) sources generated by microcracks created within an aluminum plate when submitted to a tensile load. The real time detection of the AE hits was performed by means of a network of piezoelectric sensors distributed on the surface of the plate. The proposed localization approach is based on the combination of the time-frequency analysis of the detected AE hits with an extended Kalman filter (EKF). The spatial coordinates of the AE sources were determined by solving a set of nonlinear equations, where the extended Kalman filter is based on an iterative calculation. By considering the statistics related to the estimation of the coordinates’ errors, results show that the proposed method is in agreement with the experimental observations related to the propagation of the crack when the aluminum plate is under load.
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1. Introduction


Plate-like structures are omnipresent in different fields such as civil engineering and aerospace with different applications including bridge girders, aircraft wings, fuselages, etc. [1,2]. Depending on the involved materials, damage can be of different kinds. Corrosion, fatigue cracking, and impacts are among the most significant threats that are encountered most frequently [3]. Among the metallic structures, those made of aluminum, including aluminum alloys, are very attractive thanks to their mechanical high strength and physical corrosion resistance properties [4,5]. At the time where the most common defects (i.e., cracks) created within aluminum structures and components can be detected reliably using different non-destructive techniques (ultrasound, radiography, etc.), those created during their manufacturing process (non-metallic inclusions, small pores, etc.) are not easily detected on time and can thus be at the origin of severe crack creation [6,7]. In order to account for the deterioration of the various structures, different structural health monitoring (SHM) techniques were developed. SHM is motivated by the need to perform permanent monitoring to diagnose the state of structures especially when the application of classical testing methods is difficult or impossible [8,9]. Among SHM techniques, those based on the use of piezoelectric sensors in a passive mode have undergone significant development. Indeed, the deployment of a network of sensors allows to receive acoustic emission (AE) hits (i.e., elastic waves) emitted during the creation and propagation of damage (i.e., cracks) in order to localize AE sources in plate-like structures [10,11,12,13,14,15,16,17,18,19,20,21]. Depending on the required level of analysis, AE based SHM can be used to detect defects, and/or localize their position and orientation, and/or assess their size. In time, these three levels can be used to estimate the remaining lifetime of the monitored structures in real time [8]. Time and/or frequency domain methods have already been used to analyze AE hits in order to define reliable parameters during the monitoring of structures [22,23].



Model-based approaches have also been proposed for damage/impact location and identification in different structures [24]. In the latter, the location and type of impact are iteratively changed until convergence is reached between the experimental results and those predicted by the proposed model. Ciampa and Meo [25] used Newton’s iterative method to calculate the coordinates of the impact location and the wave velocity. Other contributions used the nonlinear least square optimization technique, based on the Gauss–Newton method, to determine the location, time lag, and velocity of AE signals as performed in refs [26,27]. In order to minimize errors related to wave velocity, Dong et al. proposed an iterative solution, which does not depend on the P-wave velocity [28]. In the latter, the location accuracy has been improved by taking advantage of the multiple sensors. More recently, Zhou et al. proposed an algebraic solution for AE source localization without premeasuring wave velocity. This is performed by minimizing the sum of squared residuals of the linear time difference of arrival (TDOA) equations [29]. On the other hand, Liu et al. used multiple iterations to optimize the clustering in the development of the Generalized Regression Neural Network Based on Time Difference Mapping [30]. Iterative solvers have also been used and compared with direct solvers to perform an automatic three-dimensional source localization of acoustic emission sources within large concrete structures [31]. Das et al. proposed a nonlinear method to locate acoustic emission sources, in which the sensors with high residuals are first quarantined. Then, the spacial location and event time are iteratively optimized along with the updating of velocity with the help of a feedback loop [32]. Reliability in AE source localization can be enhanced by combining iterative and closed-form methods i.e., of non-iterative nature. In order to avoid local convergence and improve the level of noise tolerance, the latter method can be used to estimate the initial value of the iterative calculations [33]. In addition to time domain methods based on the use of the least-square technique [34,35], those based on Bayesian filters revealed to be an efficient alternative thanks to the simplicity of their implementation [36].



The aim of this paper is to present results related to the use of the extended Kalman filter (EKF) technique applied on AE signals in order to monitor the creation and propagation of a crack propagating in thin aluminum plates (as shown in Figure 1). Conventionally, AE based SHM techniques use the first arrival time of AE signals detected at multiple receiving points to locate the damage. This approach works relatively well for simple metallic structures, when the group velocity    (   V g   )    of the involved guided wave(s) and the arrival time    (   t i   )    at sensors’ locations are known. In general, the arrival time of the detected elastic waves and their related velocities are two uncertain parameters, where uncertainties can be caused by random and systematic errors [13,37,38,39,40,41,42]. These uncertainties can reduce the reliability of source localization approaches in particular in the case of an automatic damage detection. To overcome the limitations related to the abovementioned uncertainties, several methods have been proposed for damage or impact location [13,37,43,44,45,46,47,48]. EKF was used in passive sensing in order to estimate AE source location in guided wave conditions, where the AE coordinates and guided waves velocity were treated as unknown gaussian variables [13]. On the other hand, the Kalman filter was also used with the triangulation method to track multiple AE sources created successively. Despite the good accuracy of this method (i.e., in the case where AE sources occur in a straight line), results become less accurate as soon as the AE events move away from the straight line [49]. This paper presents the application of EKF in the case of AE sensors to locate impacts created using the pencil lead breaks procedure. After this calibration procedure, EKF is applied in situ when samples are submitted to a mechanical tensile test. Initial values were taken as uniformly distributed random variables. Analyses are performed on the basis of the generated Lamb waves during the creation and propagation of the cracks, which do not evolve as a straight line. In such a case, results show that by taking into account uncertainties, the localized AE sources are in accordance with the experimental results.




2. Wave Propagation in a Plate


The propagation of elastic waves in a plate is different from that of thick materials. The generated waves, called Lamb waves, have the particularity of setting the entire thickness of the plate in motion [50,51,52,53]. Two types of wave modes moving at different velocities can be identified, and the parent members of these two modes are called the S0 and A0 modes, respectively, where the S0 mode is the extensional mode and the A0 mode is the flexural mode.



The propagation of a Lamb wave along a thin plate of thickness (e = 2h) can be expressed with the help of the Rayleigh-Lamb equations [54]. The numerical resolution of the latter gives the dispersion curves corresponding to symmetric and antisymmetric Lamb modes. Figure 2 shows the dispersion curves corresponding to guided waves generated within an aluminum plate taken at the initial intact state. Depending on the involved frequency, the group velocity of the propagating guided modes can be taken from the abovementioned dispersion curves in order to locate the AE sources.




3. Source Localization by Means of Acoustic Emission


Acoustic emission is often used in real-time nondestructive testing applications to monitor structures. Collected data can also be used to locate events at the origin of the detected AE hits. To locate an AE source, the triangulation method is often applied to signals detected by the different sensors at multiple reception points. This method revealed to be efficient when the wave group velocity    (   V g   )    and the arrival time    (   t i   )    of the AE hits are known. However, one should keep in mind that errors and uncertainties are inevitable in the process of measuring and identifying the location of AE sources [12,26]. Figure 3 illustrates a simple model to locate AE sources. In order to minimize errors related to the localization of AE sources, two main steps are performed. First, the continuous wavelet transform (CWT) is applied to determine the TOA of the AE signals detected by each sensor. Then, the EKF is used in order to iteratively estimate the location of the AE source. Errors related to the localization of the AE sources will be presented and discussed in the paper.



Assuming a Cartesian coordinate system, where    (   x s  ,    y s   )    are the unknown coordinates of the AE source,    (   x i  ,    y i   )    are the known coordinates of the sensors and    t i    is the arrival time of the elastic wave from the AE source to the    i  th     sensor, as shown in Figure 3. The distance    (   d i   )    between the    i  th     sensor and the AE source can be calculated by multiplying the TOA and the propagation velocity of the involved elastic wave:


   d i  =      (   x i  −  x s   )   2  +    (   y i  −  y s   )   2    =  V   g i    ·  t i   



(1)







AE source location is then performed by calculating the differences between the TOA detected by the different sensors:


     (   x i  −  x s   )   2  +    (   y i  −  y s   )   2  =    (     V g    ·    t i   )   2  =    [   (   t m  + Δ  t  m i    )  ·  V g   ]   2   



(2)







By combining Equations (1) and (2) we can determine   Δ  t  m i   ,   the time difference between the master sensor and the    i  th     sensor [13,37,55]:


  Δ  t  m i   =        (   x i  −  x s   )   2  +    (   y i  −  y s   )   2    −      (   x m  −  x s   )    2     +    (   y m  −  y s   )   2       V g     



(3)







As stated above, the accuracy of the arrival times is essential to well localize the AE sources. An imprecise knowledge of the properties of the propagation medium will have an impact on the estimation of the wave propagation velocity    (   V g   )   . For that reason,    V g    is defined as an unknown parameter to be identified in addition to the coordinates of the AE source    (   x s  ,    y s   )   . It should also be noticed that, since the propagation of Lamb waves is dispersive, the time difference of arrival (TDOA) corresponding to AE events will consequently depend on the frequency. The single frequency component in the output signal can be extracted, for each sensor, on the basis of a time-frequency analysis with the help of a continuous wavelet transform (CWT), whose effectiveness for studying dispersive waves was evaluated in different contributions such as in reference [56]. In order to take into account, the uncertainties, the unknowns    (   x s  ,    y s  ,  t i  ,  V g   )    are therefore treated as mutually independent gaussian random variables when applying the probabilistic approach. Based on this assumption, the probability density function of the time difference   Δ  t  m i     can also be defined as a gaussian random variable with mean and variance given as: [13,37]


   Δ  t  m i   =  t i  −  t m    ,  σ  Δ  t  m i    2  =  σ   t i   2  +  σ   t m   2    



(4)







3.1. Continuous Wavelet Transform (CWT)


The CWT of the time signal   x  ( t )    is defined as [13,37]:


  X  (  a , b  )  =  1   a      ∫   − ∞   + ∞   x  ( t )   ψ *   (    t − b  a   )  d t  



(5)




where    ψ *   ( t )    denotes the complex conjugate of the mother wavelet   ψ  ( t )   .   a   is the dilation or scale parameter defining the support width of the wavelet and   b   is the translation parameter locating the wavelet in the time domain. The CWT is based upon a family of functions defined as:


   ψ  a , b    ( t )  =  1   a    ψ  (    t − b  a   )   



(6)







The time and frequency resolution of the wavelet transform can be expressed as a function of the scale parameter   a   through the following equation [13,37]:


   σ t  = a  σ   t ψ    ,    σ ω  =    σ   ω ψ     a     



(7)




where    σ   t ψ      and    σ   ω ψ      are the duration and bandwidth of the mother wavelet, respectively.



In literature, various studies based on the use of the wavelet transform have succeeded in locating AE sources in isotropic and anisotropic structures [13,14,15,21,39]. The present study relies on the use of a complex Morlet wavelet thanks to its ability to separate amplitude and phase information. The complex Morlet wavelet, which can also measure instantaneous frequencies and their time evolution, is defined by the following equation [13,37]:


  ψ  ( t )  =  1    π    f b       e  −    t 2     f b       [  cos  (   ω c  t  )  + j   sin  (   ω c  t  )   ]   



(8)




   f c  =  ω c  / 2 π   is the central frequency.    f b    represents the envelope factor and consequently controls the bandwidth of the wavelet spectrum. Values of    f c    and    f b    are fixed by considering the experimental conditions as it will be explained below [57].



When using Morlet as a mother wavelet, the function    ψ  a , b    ( t )    presented above (see Equation (6)) is determined around   t = b   and its Fourier transform is centred around   ω =  ω c  / α   [13,37].



The squared modulus of the CWT coefficients (scalogram) represents the energy density of a signal in the time–frequency domain. The maximum value of the coefficients of the scalogram is achieved at the dominant frequency. The arrival time of the wave packet is the time which corresponds to the peak magnitude in the time–frequency domain, reached at the dominant frequency [13,37]. The relationship between the scale parameter  a  and the frequency component    f i    can be expressed as:


   f i  =    f c    a    T e     



(9)




where    f i    is the frequency of interest,    f c    is the center frequency of the wavelet and    T e    is the sampling period. Since the dominant frequency can be different depending on the position of each sensor, an average frequency   f ¯   is used to calculate the TOA:


   f ¯  =     ∑  1 n   f i   n   



(10)







Following these considerations, the time and frequency resolutions    σ t    and    σ ω    of the complex Morlet wavelet are given by the following equations [13]:


   σ t  =    f c     f b        2  f ¯       



(11)






   σ ω  =   f ¯    f c       f b         



(12)







Once the TOA is known, the time difference   Δ  t  m i     can be calculated using Equation (2). By substituting Equation (11) into Equation (3), the variance of the TDOA is given by the following equation [13]:


   σ  Δ  t  m i    2  = 2    (     f c       f b      2  f ¯     )   2     



(13)







This value is used to model the uncertainty of the measurement vector when applying the probabilistic approach. Hence, based on the algorithm discussed in the next section, the coordinates of the AE source as well as the wave group velocity can be identified.




3.2. Extended Kalman Filter (EKF)


In this work, an adapted EKF-based algorithm is used to locate AE source. The Extended Kalman Filter (EKF) is a recursive data processing algorithm that estimates the state of a noisy dynamic system. The EKF has been widely used in a lot of applications due to its simplicity, optimality, robustness, sensor fusion ability, and its capability of filtering out the uncertainties due to the mathematic model and measurements [31,58]. In general, the EKF is a two steps process: (1) state prediction according to a mathematical model; and (2) the correction of the state according to the measurements collected by sensors. For this reason, the EKF has been used to handle the set of nonlinear Equation (3). The state of the system consists of three parameters, the AE source location    (   x k  ,  y k   )    and the wave velocity    V g    of the involved elastic wave. The state of the system    X k    is related to the measurement data vector through the nonlinear measurement function    Y k  =    [     (  Δ  t  m i    )   k   ]     (  n − 1  )  ∗ 1   ,   n ≥ 3   defined in Equation (3). If one assumes that the AE source location can be considered as an unmovable (static) or slowly fluctuating point, and the state has no superimposed noise [31], under this assumption the prediction stage can be neglected and the equations take the following forms:


        H k  = ∇  h k     X ^   k − 1            Y ^  k  = h    X ^   k − 1           K k  =   P ^   k − 1    H k T     H k    P ^   k − 1    H k T  + R   − 1           X ^  k  =   X ^   k − 1   +  K k   Y − h    X ^   k − 1             P ^  k  =  I −  K k   H k     P ^   k − 1         



(14)







The uncertainty related to the measurement vector  Y  is modeled as a zero mean white Gaussian noise with covariance matrix  R  with diagonal terms defined in Equation (13):


  R =  [       σ  Δ  t  m 1        ⋯   0     ⋮   ⋱   ⋮     0   ⋯     σ  Δ  t  m  (  n − 1  )           ]   



(15)







The iteration starts with the initialization of the estimated state vector     X ^  0    and covariance matrix     P ^  0   , which are defined below:


    X ^  0  =  [        x ^   s 0         y ^   s 0         V ^    g 0         ]    ;     P ^  0  =  [       σ   x   s 0     2     0   0     0     σ   y   s 0     2     0     0   0     σ   V   g 0     2       ]   



(16)







In Appendix A.2 is presented the approach used to determine the AE initiation location and the starting group velocity.



Overall, and based on the abovementioned considerations, the proposed approach to simultaneously track and optimize the AE source location consists of two stages. The first stage provides information about TOA, frequency, and their uncertainties. The second stage iteratively estimates the state vector (AE source location and wave), according to the information obtained from the first stage.





4. EKF-Based Approach for AE Source Localization during Pencil Lead Breaks Tests


In order to validate the performance of the proposed EKF-based AE source localization algorithm, we consider an aluminum plate having the dimensions (  230 × 250 × 2 )     mm  3   . The Young modulus, Poisson ratio and density of the aluminum plate are   = 69   GPa  ,   ν = 0.34  , and   ρ = 2700   kg /  m 3   , respectively. To simulate broadband AE sources, Hsu–Nielsen pencil lead breaks (PLB) tests were performed on the specimen at 18 different positions [58]. A square mesh of 10 mm was made on the plate in order to ensure a good repeatability of the different PLB. Four identical broadband (0.1–1 MHz) PZT sensors (model PAC 15a) were used to detect the elastic waves propagating within the plate. Acoustic signals were 40 dB preamplified and then acquired using a data acquisition (DAQ) system (Mistras Micro Express) with 2 MHz sampling frequency.



The initial location was calculated based on Equations (A8) and (A9) defined in Appendix A.2. The use of the PLB method to generate elastic waves makes the amplitude of the extensional mode negligible compared to that of the flexural mode. Therefore, the flexural mode A0 was then easily distinguishable and was therefore used to locate the different AE sources. Acquired waveforms were processed following the EKF-based localization procedure as described in Section 3. With the help of the MatlabTM (version 2019b, MathWorks, Natick, MA, USA) code implemented by the authors, waveforms were analyzed based on the wavelet transform in order to find the arrival times and the dominant frequencies at the different sensors’ positions. The number of iterations during the EKF stage was fixed at 5 and the complex Morlet parameters were taken as    f c  = 0.7   Hz   and    f b  = 1.2    s 2   .    f b    and    f c    values take into account the broadband pulse excitation and the frequency bandwidth of the AE sensors which is from ~100 kHz to ~1 MHz. Their values were fixed by performing several localization tests. On the basis of the time of arrival determined with the help of the CWT and the propagation distance, the calculated group velocities were found to be in agreement with the ones given by the dispersion curves. The EKF-based localization procedure is then applied to iteratively estimate the location of the acoustic sources. The peak of the squared modulus of the CWT corresponding to each AE signal was used to indicate the arrival time of the generated guided waves. Figure 4 shows the detected AE signals as well as their time–frequency characteristics when the artificial source position is at   P L B  (  15 , 30  )   . For the latter position, for instance, the time-frequency analysis of the different AE signals showed that the frequency for which the energy is maximum is between 227.6 kHz and 298.3 kHz for all the sensors.



On the other hand, Figure 5 shows the line profile of the abovementioned signals at the average frequency    f ¯  = 282.63   kHz  , where the time delay is taken at the maximum energy of each AE hit clearly appears. Besides, for each AE event, the group velocity was calculated with the help of the Monte Carlo simulation based on the randomly generated 150,000 samples of the variable    f ¯  d   as shown in Figure 6. Note that the starting values     V ^    g 0      may not exactly coincide with the values that would be found in the dispersion curve of the group velocity. However, the algorithm based on EKF allows the convergence between the initial values   (   x ^    s 0    ,     y ^    s 0    )   and     V ^    g 0      as well as the differences in time of arrival of the AE signals detected by the different sensors. The injection of the variance is used to approach the true value. The interest of applying such an approach appears when the properties of the material are not known in a precise way or when the material is subjected to one or more constraints in which case the velocity of the propagating wave changes according to the state of stress.



Table 1 gives the results related to the 18 Hsu–Nielsen excitation points. Errors corresponding to the different coordinates are expressed as:


   ε   x s    =    |   x s  −   x ^  s   |     |   x s   |    .  



(17)






   ε   y s    =    |   y s  −   y ^  s   |     |   y s   |     



(18)




where    (   x s  ,    y s   )    are the coordinates of the real impact positions.    (    x ^  s  ,     y ^  s   )    are the coordinates of the PLB locations determined using the proposed algorithm. On the other hand, Figure 7 depicts actual and estimated source locations. As it can be seen from Table 1, this algorithm generates results with a good accuracy, where the maximum error to estimate the coordinates of impact locations did not exceed ~5 mm. This result shows the robustness and the effectiveness of the proposed approach. Note that errors can be attributed to the positions at which the PLB is performed as well as the sensors positions.



In the light of these preliminary results, it becomes possible for us to carry out measurements on real defects created during a mechanical tensile test performed on the same sample. The advantage of the proposed EKF-based algorithm is linked to its ability to take into account uncertainties related to time of arrival and group velocities in order to efficiently fusing multi-sensors data for an accurate AE source localization. The flexibility in adding or removing information within the matrix structure at the data processing step is very useful to characterize dispersive media where different propagating modes are involved. Finally, we note that the computational time on regular personal computer for each source location using the proposed algorithm took less than 0.06 s, which makes the proposed algorithm appropriate for real-time AE applications.




5. EKF-Based Approach for AE Source Localization during Quasi-Static Tensile Test


5.1. Mechanical Test and AE Monitoring


Tensile test experiments were performed on the above presented aluminum plate at the Acoustics Laboratory of Le Mans University. For these experiments, we used the same data acquisition system with the same settings and the same AE sensors as well. The latter were synchronized and triggered by one of them once the first detected signal exceeds the predefined threshold. A properly calibrated tensile test INSTRON hydraulic machine was used with a constant displacement rate. The load cell capacity of the test machine is 100 kN, where specimens were loaded at 1 mm/min. It is naturally expected that cracks will be generated from the notch and propagate through the specimen. The acoustic activity is simultaneously recorded with mechanical test data until the overall failure of the specimen. The acquired AE signals are processed following the EKF-based localization procedure described in Section 3. Figure 8a shows the aluminum plate mounted on the testing machine as well as the distribution of the AE sensors. Before the application of the tensile load, preliminary tests were performed in order to determine the AE acquisition threshold. Indeed, the latter was set at 45 dB in order to avoid the detection of signals emitted by the noisy environment. Once the quasi-static test is over, we obtain the results shown on Figure 8b. The latter shows that the cumulative AE events are in accordance with the different stages which characterize the evolution of the load as a function of time. We first note that in the elastic domain (1), where the load is between 0 kN and ~31 kN, the AE is almost absent and only few AE signals are detected. Damage is initiated beyond the yield point (2), where a sudden increase in the AE activity is observed. Within the uniform plastic strain domain which extends between the yield point and the ultimate strength ~34.5kN, strong AE peaks become visible. These relatively high energy signals are associated with the initiation and propagation of crack. The failure domain of the specimen begins as soon as the stress begins to drop, until the final rupture. During this stage, the AE activity follows the evolution of the microstructural events until the complete fracture of the plate. In general, ductile fracture in metals is initiated by the nucleation of the existing micro-scale voids [59]. As the applied load increases, nucleated and pre-existing voids coalesce to form the crack by growing, changing shape, and getting closer to each other [59,60,61,62].



Figure 9 shows the evolution of the created crack at the time when the AE increases suddenly, namely at   t ≈ 160    s   ,   t ≈ 215    s      and   t ≈ 270    s   , respectively. However, despite the sensitivity of AE to the microstructural evolution of the material, the link between the sudden increase of the AE activity and the and the crack propagation velocity is not straightforward.



Indeed, Figure 10 shows that the crack growth velocity remains constant (~0.3 mm/s) even after the sudden jump in the cumulated AE energy, which evolves by more than two orders of magnitude at   t ≈ 160    s   . At the same time, the crack growth velocity becomes twice higher (0.68 mm/s) at the time when the cumulated AE energy evolves approximately one order of magnitude at   t ≈ 215    s   . According to literature, the propagation of a ductile tearing crack can be influenced by the interplay between nucleation, growth, and coalescence of voids [59,63]. At this stage, our tests show that AE signals are sensitive to the creation and change of orientation of the created slanted crack. At the time when the underlying reasons for the initiation and propagation mechanisms of the crack are not yet fully understood [59,64], we will only focus in the present paper on the location of the different AE sources in order to locate the created cracks and monitor their propagation with the help of the continuous wavelet transform and the EKF method previously presented.




5.2. EKF-Based Analysis of AE Data


As previously described, the CWT of complex Morlet wavelet is applied to determine the arrival time, dominant frequency, and uncertainties corresponding to all AE events. Figure 11 illustrates the time and frequency characteristics of the AE signals detected by the four AE sensors at the end of the first stage of the crack growth (t = 201.84 s). Time domain signals show that for the same AE event, the AE signals do not have apparently the same characteristics. More details are given by the time–frequency representation of the same signals. The 2D scalogram of the CWT shows that the energy distribution of the same AE event can be different from one sensor to another. The energy density of the AE signal is not a uniformly distributed function as it can be seen on Figure 11. For instance, the AE signal has the maximum energy (the deepest red color) in the frequency range [180–350 kHz].



Under the abovementioned considerations, we can project on the time domain the average dominant frequency component in order to determine the arrival time of the involved Lamb wave. Figure 12 illustrates the applied procedure for extracting the TOA and their average frequency    f ¯  = 283.3    kHz   . We note that during the mechanical test, the scalogram maxima coefficients resulted slightly different depending on the transducer position. However, the associated frequencies were approximately the same.



In order to locate the AE sources, the group velocity of the involved elastic guided waves must be known for each frequency. The frequency corresponding to AE hits emitted during the quasi-static tensile test of the aluminum plate were within [10–500 kHz]. According to the group velocity dispersion curve (see Figure 2), the involved Lamb modes within this frequency domain are A0 and S0. During the tensile test, it remains difficult to know a priori the mode generated by the cracks. The performed analyses showed that, depending on the detected AE hit, some of the sensors received A0 and S0 modes (as well as their reflections) and some other ones received only one mode, namely A0 mode (as well as its reflections). In order to locate the AE source position correctly, it remains important to use the same propagating mode which could be either extensional or flexural [65]. Recorded data revealed that the flexural mode   A 0   is always detected by all the sensors and contains at the same time the maximum energy of the detected AE hits. Depending on the involved frequency, group velocities corresponding to the detected A0 modes were between ~2200 m/s and ~3400 m/s. Here, it is important to note that under the multimodal condition, the EKF-based method should be adapted before carrying out the localization of the AE sources. The adapted EKF-based method is presented in the appendix. Once the group velocity and the time difference of arrival (TDOA) between the sensors and the master sensor are obtained, the adapted EKF-based method is applied to estimate the location and the propagation of the AE sources. Figure 13 shows the located AE sources using the proposed EKF-based method and the AE system. Both results show that the macro-crack is located inside the domain defined by the four sensors starting from the notch. However, when we superimpose these results to the crack path (obtained according to Figure 9c) we can see that the results obtained with the EKF method are closer to the crack than those obtained with the AE system. This is mainly related to the monitoring of the evolution of the group velocity (   V g   ), whose value changes during loading. The AE system does not update    V g    and keeps the initial value to locate the different AE sources. In order to determine the space distribution of the localized AE sources, we have used an approach which consists in dividing the specimen into an array of rectangular elements within which a count of the number of AE hits is performed [66]. The size of the grid elements should be large enough to have a sufficient number of AE hits per element. At the same time, it should not be smaller than the accuracy of the proposed AE localization method. Under these conditions and according to [67], the width of the damage zone can be determined by drawing 80 % of the located AE hits. Indeed, it can be seen from Figure 14 that AE hits are mainly concentrated around the damaged zone. The 80% criterion associated to the previously applied EKF method allow to have a very good estimation of the crack creation and propagation when the material is under test.





6. Discussion


The proposed algorithm considers three unknown parameters: the group velocity and the in-plane coordinates of the AE sources. The method chosen to define the starting value of the group velocity is performed by the Monte Carlo simulation. The algorithm based on EKF allows the convergence between the initial values as well as the differences in time of arrival of the signals detected by the different sensors. This approach represents an advantage compared to the one proposed in a classical AE system. In the latter, damage or impact location is based on the triangulation method, which involves the time-of-arrival (TOA) taken at multiple receiving points. The classical AE system gives very good results when the wave velocity (   V g   ) of the considered Lamb wave and the TOA are known. However, TOA and wave velocity are two uncertain parameters. In general, uncertainties can be caused by random and systematic errors. The random errors are caused by unknown and unpredictable changes in the TOA measurements, including instrumentation noise, temperature changes etc. [14,15,16,17,18,19]. Systematic errors are mostly caused by the digital signal processing technique used for analyzing the AE waveforms [20]. In real operational and environmental conditions (noise, stress state, temperature changes, different impact scenarios, etc.), measurement errors are known to influence the propagating mode in terms of velocity and attenuation. In the case of our experiment, the attenuation can be considered as unchanged. However, the group velocity will change especially as a function of the stress conditions to which the material is subjected (i.e., acoustoelastic effect). If the velocity changes, the classical AE system will not be able to perform an automatic update. The positions of AE sources indicated by the classical AE system will be therefore erroneous. In that sense, the method proposed in this contribution comes to complete this insufficiency. The spatial convergence of the proposed algorithm, shown in Figure 7, is performed in just six iterations. Locations are determined with a good accuracy for PLB performed away from the edges of the specimen (i.e., less than 4% in both x and y coordinates). In such a case, the maximum error to estimate the coordinates of the different locations did not exceed ~5 mm. We also performed PLB measurements close to the edges of the specimen and outside the domain defined by the four sensors. In this case, signals are naturally more affected by reflections from the lateral edges. The accuracy of the location and the maximum error does not exceed ~15 mm (Figure 7).



The case where the source location is not a priori known is not very different from the case studied during the mechanical test. Indeed, it is expected from a material such as aluminum, that AE originates both from fracture of particles and from dislocation related sources. The creation and propagation of a crack in metals is accompanied by plastic deformation at the crack tip [68]. It was also found that the maximum plastic zone is situated in the interior but closer to the surface than to the mid plane [69,70,71,72,73,74,75]. Therefore, the plastic zone, which is also a source of AE signals, is surrounding the propagating crack and contributes significantly to the scattering of locations, as can be seen in Figure 13.



Finally, we note that in real experimental conditions the presence of noise and multiple crack detection are inevitable. The use of time filters namely the hit definition time (HDT), the hit lockout time (HLT), and the peak definition time (PDT), helps to separate AE signals and significantly limits their overlap. In our tensile experiments, we note that despite the calibration of the time filters, some AE hits still overlap but their number remains limited (less than 10%). The presence of noise requires some considerations. In general, threshold should be ~4 dB above noise level. If the threshold is high, a significant loss of AE signals might occur. The threshold could be either fixed during the test (in the case of a stationary noise), or floating (in the case of a varying background noise) [76,77]. In our experiments, the preamplification level was fixed at 40dB. The detected AE signals have a high signal-to-noise ratio (more than 50dB). Under these low noisy environment conditions, the AE signals received by the four channels are not affected by a possible saturation (low amplification) or loss in amplitude (they fall below threshold). However, in the case of a noisy environment, raw AE signals can be denoised using a wavelet analysis before performing the hit detection according to a suitable parameterization [78,79]. Finally, note that if the noise level is unknown, a soft thresholding method can be adopted based on the wavelet coefficients, and by considering a non-white noise model [80].




7. Conclusions


The aim of this research is to propose a probabilistic method for localizing and tracking AE sources in a plate-like structure submitted to a tensile loading, based on continuous wavelet transform, unscented transform, and the EKF method. During mechanical tests, acoustic emission from the sample is recorded. The AE waves are measured by four acoustic emission PZT sensors. The Continuous Wavelet Transform (CWT) scalogram, which guarantees high accuracy in the time–frequency analysis of the acoustic waves, was employed to identify the arrival time (TOA) and the dominant frequency. The coordinates of the AE source location were obtained by solving a set of nonlinear equations through an adapted EKF iterative method. The proposed method, in contrast to triangulation algorithm, does not require a priori knowledge of the group velocity of the AE waveforms. By considering the common Lamb mode detected by all the different sensors (A0 in our case), the group velocity is obtained from the dispersion curves at the average frequency. The latter is calculated by considering the frequency of the largest wavelet amplitude determined at each sensor position. To validate and calibrate this method, experimental location tests were conducted on an aluminum plate. The source location was achieved with a good accuracy, where the maximum error in estimation of AE location was ~ 5 mm during the calibration stage. Mechanical tests showed that AE events increase significantly as damage progresses, where the concentration of acoustic events around the cracking zone revealed to be important. Furthermore, this work has shown the good agreement existing between the evolution of AE events in space and time and the crack propagation. Future development will be focused on the application of the proposed method and the improvement of its accuracy in the case where the number of sensors decreases or faulty sensors.
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Appendix A


Appendix A.1. Group Velocity Calculation Method of the AE Signal at the Dominant Frequency


The group wave velocity     V ^    g  A 0       and its variance       σ ^  V     g  A 0    2    can be calculated by determining the relationship between the probability distributions of the two random variables  f  and    V   g  A 0       when they are related by    V   g  A 0     = F  (  f d  )   . In view of the complex resolution of the nonlinear system of equations, we propose in this work an unscented transformation, which calculates the statistics of a random variable that undergoes a nonlinear transformation [70]. Assuming the random variable   “ f d ”   with a mean value   “  f ¯  d ”   and variance   “  σ  f d  2  ”  , three weighted sigma points are necessary to calculate the statistics of    V   g  A 0      . These points are given by:


       X 0 =  f ¯  d       X 1 =  f ¯  d +     ( 1 + k )   σ  f d  2           X 2 =  f ¯  d −      ( 1 + k )   σ  f d  2     i  ,        W 0  = k /  ( 1 + k )         W 1  = 1 / 2  ( 1 + k )         W 2  = 1 / 2  ( 1 + k )        



(A1)




where    W i    is the weight associated with the ith point and  k  is an arbitrary number. By setting   k = 0  , Equation (A1) becomes:


   {          X 0 =  f ¯  d                                         X 1 =  f ¯  d   +  |   σ  f d    |          X 2 =  f ¯  d   −  |   σ  f d    |             W 0  = 0                                            W 1  = 1 / 2                                  W 2  = 1 / 2                                              



(A2)







Given the set of sigma points calculated by Equation (A1), the transformation of the Gaussian probability density function of the random variable   “ f d ”   to the approximated Gaussian distribution of    V   g  A 0       is summarized in the following steps.




	
Calculate the group velocity corresponding to each sigma point according to the dispersion curves:


   Y i  = F  (  X i  )     i  = 0 , 1 , 2  



(A3)







	
The mean of random variable      V ¯     g  A 0       can be calculated as:


      V ¯     g  A 0      =   ∑   i = 0  2   W i   Y i   



(A4)




which gives in our case:


    V ^    g  A 0     =   V ¯    g  A 0     =   ∑   i = 1  2   1 2   Y i  =  1 2     (   Y 1  +  Y 2   )   



(A5)







	
The variance of random variable    V   g 0      can be determined by:


   σ   V   g  A 0      2  =   ∑   i = 0  2   W i   (   Y i  −    V ¯     g  A 0      )     (   Y i  −     V ¯     g  A 0       )   T     



(A6)












In our case these parameters are scalar and    σ   V   g  A 0      2    rewritten as:


   σ   V   g  A 0      2  =  1 2       (   Y 1  −   V ^    g  A 0      )   2  +  1 2       (   Y 2  −   V ^    g  A 0      )   2     



(A7)








Appendix A.2. Initiation of Location and Group Velocity


We consider the coordinates of the AE source initial location,     x ^    s 0      and     y ^    s 0      as uniformly distributed random variables. Their means and variances are expressed below and are calculated based on geometrical considerations [13,37]:


    X ^    s 0    =    (   X  s U   +  X  s L    )   2  ,     Y ^    s 0    =    (   Y  s U   +  Y  s L    )   2   



(A8)






   σ   X   s 0     2  =  1  12      (   X  s U   −  X  s L    )   2    ,    σ   Y   s 0     2  =  1  12      (   Y  s U   −  Y  s L    )   2     



(A9)




   X  s L     and    Y  s L     represent the location of the master sensor (sensor 1) located at the origin of the coordinate system (the lower bound).    X  s U     and    Y  s U     represent the location of sensor 3 (the upper bound).



The starting estimates of the group wave velocity     V ^    g 0      and its corresponding variance       σ ^  V     g 0   2    are calculated using the Monte Carlo simulation. This is performed by assuming that the functional form    V g  = F  (  f d  )    is known and deterministic. The frequency   f ¯   is assumed as a Gaussian random variable of mean and variance defined in Equations (10) and (12), respectively. Recall that we are interested in determining the probability density of    V   g 0      given the probability density of    f ¯  d  , where  d  represents half the thickness of the plate (  d = e / 2  ). Once the dominant Lamb wave mode is determined, the Monte Carlo simulation is performed by randomly generating 150,000 samples of the random variable    f ¯  d   [37].
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Figure 1. Flowchart of the proposed approach. 
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Figure 2. Group velocity dispersion curves for Lamb waves propagating in an aluminum plate. The characteristics of the plate are: Young modulus E = 69 GPa, Poisson ratio   ν = 0.34   and density   ρ = 2900    kg  /  m 3   . 
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Figure 3. Two-dimensional localization principle of AE source. 
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Figure 4. Time domain (left) and time–frequency domain (right) characteristics of the AE signals detected by sensors 1 to 4 when the source is located at PLB1(15, 30). 
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Figure 5. Line profile of the AE scalograms where the time of arrival is determined at the maximum magnitude of the wavelet transforms of the detected AE hits (i.e., PLB1) considered at the average frequency    f ¯  = 282.63   kHz  . 
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Figure 6. Group velocity determination based on the Monte Carlo simulation. 
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Figure 7. Location of the different AE hits emitted by the 18 pencil lead breaks performed on the aluminum surface on the basis of the abovementioned algorithm. 
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Figure 8. (a) Notched aluminum plate mounted on the testing machine; (b) evolution of the applied load as well the AE activity during the quasi-static tensile test, where AE is almost absent in (1), then a sudden and low increase in the AE activity is recorded in (2), and finally an important increase in the AE activity is recorded in (3). 
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Figure 9. Evolution of the crack at the first (a) second (b) third (c) sudden increase of the AE signals which happen at   t ≈ 160    s   ,   t ≈ 215    s    and   t ≈ 270    s   , respectively. 
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Figure 10. Evolution of the cumulated AE energy and the crack length velocity as a function of time. 
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Figure 11. Time domain signals and their CWT characteristics corresponding to the same AE event as detected by the four AE sensors at the end of the first stage (t = 201.84 s). 
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Figure 12. Identification of the time of arrival using the line profile of the scalogram at the average frequency    f ¯  = 283.3    kHz   . 
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Figure 13. Comparison of the AE source localizations performed with the AE system and the EKF method during the mechanical test. The path of the crack is obtained according to Figure 9c (solid). Approximate crack path is also plotted based on the AE system localization (dashed). 
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Figure 14. Histogram of the AE events detected in the aluminum plate before (a) and after (b) the application the 80% criterion. 
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Table 1. Location data of the AE sources based on the EKF method and their corresponding group velocities.
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	AE Source Point
	X Coordinate of Source (mm)
	Estimated

X Coordinate (mm)
	Error in X

(%)
	Y Coordinate of Source (mm)
	Estimated

Y Coordinate (mm)
	Error in X

(%)
	Group Velocity

(m/s)





	PLB 1
	15
	17.2
	14.67
	30
	28.12
	6.26
	3635



	PLB 2
	30
	30.04
	0.16
	30
	30.08
	0.27
	3264



	PLB 3
	20
	18.95
	5.25
	40
	41.82
	4.56
	3575



	PLB 4
	20
	19.92
	0.39
	55
	54.94
	1.92
	3470



	PLB 5
	30
	30.90
	3.01
	55
	56.04
	1.92
	3461



	PLB 6
	45
	43.71
	2.86
	55
	55.27
	0.49
	3526



	PLB 7
	55
	53.89
	2.00
	55
	57.59
	4.71
	3562



	PLB 8
	65
	65.63
	0.97
	70
	71.12
	1.60
	3.551



	PLB 9
	65
	64.17
	1.27
	45
	45.91
	1.94
	3417



	PLB 10
	30
	31.63
	5.44
	40
	42.54
	6.17
	3124



	PLB 11
	40
	42.62
	6.55
	55
	56.00
	1.61
	3547



	PLB 12
	50
	52.70
	5.41
	55
	56.90
	5.13
	3071



	PLB 13
	55
	55.46
	0.84
	45
	44.31
	1.51
	3506



	PLB 14
	50
	52.73
	5.47
	70
	68.01
	2.64
	3167



	PLB 15
	40
	40.95
	2.38
	45
	43.28
	3.92
	3631



	PLB 16
	30
	31.89
	6.31
	70
	68.73
	1.73
	3462



	PLB 17
	45
	43.15
	4.10
	70
	68.18
	2.52
	3501



	PLB 18
	40
	40.21
	0.53
	30
	32.66
	8.56
	3213
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