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Resumen: La Emision Acustica Modal (MAE) es una rama de la Emision Actstica
(AE) con capacidades probadas para el Monitoreo de la Salud Estructural (SHM) de
estructuras similares a placas. La MAE se diferencia de la AE en que la MAE utiliza
la comprension de la propagacion de la onda para caracterizar y localizar la fuente. El
analisis de la forma de onda incluye el uso de técnicas de frecuencia de tiempo para
determinar el Tiempo de Llegada (TOA) de los diferentes modos. En este documento
se propone el uso de la inferencia bayesiana para cuantificar la incertidumbre en la
localizacién de la fuente para dos técnicas diferentes de localizacion del MAE. La
primera técnica utiliza so6lo el TOA del modo extensional (simétrico), mientras que
la segunda técnica utiliza el TOA tanto del modo extensional como del modo flexural
(antisimétrico). La ondicula de Morlet se utiliza para determinar el escalograma de la
forma de onda. El escalograma se reasigna y se utiliza la Cadena de Markov Monte Carlo
(MCMC) para muestrear la distribucioén posterior construida a través de la inferencia
bayesiana. Los resultados se presentan a partir de la localizacion de las roturas de la
mina del lapiz (PLBs) en una placa de aluminio de 1/8in de espesor y 36in por 36in. Los
resultados muestran que el uso del TOA de sélo el modo simétrico conduce a un nivel
mas bajo de incertidumbre en comparacion con el uso de ambos modos de extension

y flexién, debido a la dificultad de evaluar el tiempo de llegada del modo de flexion.

Abstract: Modal Acoustic Emission (MAE) is a branch of Acoustic Emission (AE) with
proven capabilities for Structural Health Monitoring (SHM) of plate-like structures.
MAE differences from AE in that MAE uses the understanding of the wave propagation
to characterize and locate the source. The analysis of the waveform includes the use
of time frequency techniques to determine the Time Of Arrival (TOA) of the different
modes. This paper proposes the use of Bayesian inference to quantify the uncertainty in
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A Bayesian Approach to Modal Acoustic Emission Source Location

the source location for two different MAE location techniques. The first technique uses

Event Location

only the TOA of the extensional (symmetric) mode, while the second technique uses

the TOA of both extensional and flexural (antisymmetric) modes. The Morlet wavelet
is used to determine the scalogram of the waveform. The scalogram is reassigned and
Markov Chain Monte Carlo (MCMC) is used to sample the posterior distribution built
through Bayesian inference. Results are presented from location of Pencil Lead Breaks
(PLBs) in an aluminum plate of 1/8in of thickness and 36in by 36in. Results show
that using the TOA of only the symmetric mode leads to a lower level of uncertainty
compared to using both extensional and flexural modes, because of the difficulty in
assessing the time of arrival of the flexural mode.

Introduction

Acoustic Emission (AE) is a Non-Destructive
Testing (NDT) method that allows in situ monito-
ring of structures and has been successfully used
in different Structural Health Monitoring (SHM)
applications (Cuadra and Vanniamparambil et al
2015, Zarate and Caicedo et al 2012, Ozevin and
Hardin 2012). AE uses the sound waves that pro-
pagate through the material in the frequency ran-
ge from 100kHz to IMHz. These sound waves are
typically Rayleigh and Lamb waves and are ge-
nerated by events in the material such as the for-
mation or growth of a crack (Scruby 1987). The
transient waves are converted into a voltage by AE
sensors, and digitalized by the data acquisition sys-
tem. The waveforms obtained are processed and di-
fferent features such as TOA, waveform maximum
amplitude, duration, absolute energy, and rise time
are calculated (Nair and Cai 2010). An amplitude
threshold is used to trigger the processing of an in-
dividual AE waveform known as hit and determine
the TOA. AE has become popular within the NDT
community because (Shigeishi, Colombo et al.
2001) it allows: 1) in-service structural health moni-
toring that can be adopted in an online monitoring
fashion; ii) adaptability to any geometry or structu-
ral element; iii) simple and economic installations;
and iv) wireless communication for collection and
processing of data remotely (Godinez-Azcuaga, In-
man et al. 2011).

Modal Acoustic Emission (MAE) is a branch
of AE that considers the understanding of the wave
propagating through the medium to characterize

and localize the source of the AE. The wave pro-
pagation modes are considered in to the analysis by
identifying the arrival time of the different modes
within the waveform. The sensors used in MAE
are generally wide band with broader range, up to
the lower ultrasonic. MAE analyses the wavefor-
ms captured by the sensors using time-frequency
techniques such as Short Fourier Transforms, Wa-
velets or the Wigner-Vile Distribution. MAE has
been successfully used for assessment of structures
including pressure vessels, aircrafts (Geng 2006),
pipe lines (Jiao and He et al 2004) and composi-
tes (Martine-Jequier and Gallego 2015). MAE has
been adopted by the NDT community and inclu-
ded in different codes such as the ISO-19016 and
NB-10-601. MAE has been very successful becau-
se its ability to characterize the source and locate
AE events considering different wave propagation
modes. Given that a single waveform captured by
a sensor contains information of different TOA mo-
des, the distance from the source to the sensor can
be calculated. On the contrary location algorithms
in AE are based on threshold crossing, which is as-
sociated to a specific mode and speed based on pre-
vious wave velocities tests. Still, the fact that the
wave velocity is dependent on the mode and fre-
quency of waves propagating in plates is one of the
main sources of uncertainty in AE source location.

Traditional source location algorithms in AE
and MAE do not account for uncertainties. The
next generation of AE and MAE source location
algorithms should consider different sources of
uncertainty and estimate the uncertainty of the cal-
culated location. Therefore, the location algorithm
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should locate the event to a region of high proba-
bility rather than to a single point. The size of the
region of high probability reflects on the level of
uncertainties in the experimental data and parame-
ters involved in the location.

Algorithms that account for uncertainties in
AE source location have been developed but are
not common in the literature. For instance, Niri
and Salamone (2012) developed a probabilistic
framework for AE source location in plate-like
structures. The framework considers the uncertain-
ty in the TOA of the wave and the wave velocity
to point to a region of high probability where the
event could be located. The methodology identifies
the TOA and its uncertainty using the Continuous
Wavelet Transform (CWT) with the complex Mor-
let wavelet. The framework assumes the probabili-
ty distribution of the source location is a Gaussian
distribution which mean and variance are estimated
using the Extended Kalman Filter (EKF). The me-
thodology was validated experimentally with Pencil
Lead Breaks (PLBs) on an aluminum plate of 60cm
by 60cm. Results show that region of high probabi-
lity created by the framework encloses the location
of the actual PLBs locations. Schumacher, Straub
et al (2012) proposed a framework for Bayesian
AE source location to estimate the region of high
probability were the event might be located. Un-
certainties from variability in the wave propagation
and TOA of the wave are considered in the Baye-
sian framework. The Bayesian framework was va-
lidated using PLBs on a section of a bridge column
of reinforced concrete of 61cm by 61cm by 183cm.
Results show that the Bayesian framework estima-
tes the region that encloses the actual PLBs loca-
tion. Yan and Tang (2013) proposed a Bayesian fra-
mework for the location of AE sources in plate-like
structures. The Bayesian framework accounts for
uncertainties in the TOA of the wave and the wave
velocity. The uncertainty in the wave TOA is esti-
mated using CWT with the Complex Morlet wave-
let. The framework was validated performing PLBs
in a stiffed aluminum plate 600mm by 400mm and

2mm thick. Results show that the region of high
probability generated by the Bayesian framework
encloses the actual location of the PLBs. Zarate and
Pollock et al (2015) proposed a Bayesian AE sour-
ce location framework for AE events on the shell of
a water-filled tank. The model considers the wave
travelling through the liquid as well as the shell and
accounts for different sources of uncertainty, such
as the TOA, and the wave speed in the liquid and
the shell. The Bayesian framework was validated
using PLBs performed on the shell of a 29000ga-
llons rail road tank car. Results from the Bayesian
framework show regions of high probability that
encloses the actual location of the PLBs.

This paper proposes the use of Bayesian infe-
rence to quantify the uncertainty in the location cal-
culated by two MAE location techniques. The first
location technique is based only on the TOA of the
extensional mode (S0), while the second technique
uses both the extensional (S0) and the flexural (A0)
modes. The reassigned scalogram calculated with
the Morlet wavelet is used to determine the TOA
of the different modes. Markov Chain Monte Carlo
(MCMC) is used to sample the posterior distribu-
tion. Results are presented from location of Pencil
Lead Breaks (PLBs) in an aluminum plate of 'sin of
thickness and 36in by 36in.

Wave propagation in plates

Waves propagating in thin plates are known
as Lamb waves and propagate in two types of mo-
des: extensional (symmetric) and flexural (asym-
metric). Lamb waves are dispersive, that is their
velocity is a function of the mode, frequency and
thickness (more about waves propagating in plates
can be found at Rose 1999, Giugitiu 2008). This
characteristic of the waves propagating in thin pla-
tes is the most common source of error in AE sour-
ce location, because the difficulty on determining
the correct speed for the waveform captured by the
Sensor.
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AE Sources located at a plate generate Lamb
waves that propagate through the shell in two types
of modes: symmetric and asymmetric. In an un-
bounded plate the asymmetric and symmetric mo-
des can be described as (Giugitiu 2008)

tan(hq) _ 4pqé? (1)
tan(hp)  (§2 —q?)?

tan(hq) (&% —q?)?
tanChp)  4pqé? @

where & is the wave number and h is the half
plate thickness. The terms p and q can be expressed
in terms of the angular frequency ®, the symmetric
mode velocity ¢ e, and the asymmetric mode velo-
city ¢ fas

)

“

Notice from Eq. (1) to (4) that the wave num-
ber & is dependent of the angular frequency w. This
characteristic of the Lamb waves is known as velo-
city dispersion and implies that the wave velocity is
a function of the frequency and mode.

AE sensors capture packages of Lamb waves
which velocities are known as group velocity and
are dispersive as well. Group velocity can be cal-
culated from the wave velocity ¢ as (Giugitiu 2008)

dc
cg = c—&ﬁ ©)

where A is the wave length. This group velo-
city should match the energy content of the scalo-
grams presented in the following section and will
allow for the determination of the time of arrival of
the first symmetric (S0) and first asymmetric (A0Q)
modes.

Time frequency analysis of the waveforms

The determination of the TOA of the wave is
challenging and the most common cause of error in
AE source location because of the dispersive na-
ture of the waves that propagate in thin plates. It
can be observed that given enough distance from
the source to the sensors different packages of the
wave arrive at different times. Hence, different wa-
veform features typically used in AE analysis such
as amplitude and average frequency are affected by
the dispersion phenomenon (Aggelis and Matikas
2012). Early research efforts used the Fast Fourier
Transforms (FFT) on each individual package of
waves in order to determine the frequency content
of the specific group of waves arriving (Alleyne
and Cawley 1991, Eisenhart, Jacobs et al. 1999).
This methodology was followed by the use of di-
fferent time frequency analysis techniques on the
complete captured waveform, which allowed to de-
termine the TOA of the different frequency compo-
nents. The Continuous Wavelet Transform (CWT)
was chosen in here to determine the wave TOA.

The CWT is chosen in this study because CWT
increases the time-frequency resolution by using
narrow windows at high frequencies and wide
windows at low frequencies, while all other time
frequency techniques use a constant scale window.
The consequence is that for the CWT uncertainty
in time is a function of the frequency assigning low
uncertainties in time to low frequencies. This pro-
perty of the wavelets is known as multi-resolution
and the scalable window is known as mother wa-
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velet. The theoretical background for the Wavelet
Transform was first proposed by Grossmann and
Morlet (1984) and is expressed as

©
wr¥ (s, ) = \% f_ " fowr (LST) dt

where f(t) is the time domain signal, s is a po-
sitive scale, T a is translation parameter that locali-
zes the wavelet in time, and W** (t) is the complex
conjugate of the mother wavelet. The proposed
framework uses the Morlet wavelet which was first
proposed by Goupillaud and Grossman et al 1984
and is defined as

)

q'(t) — g 1/4giwg re—rzjz

where w, is the dimensionless frequency.

The time-frequency resolution can be refined
using the reassignment method proposed by Auger
and Flandrin (1995) where the reassigned frequen-
cy and time can be calculated as

Gs) = tsRWIC o wPes)

—S Wy

3 {erd‘” W (t, )WY (¢, s)} ©

§.(t,s) =

where R and § are the real and imaginary
components of the complex number. As shown by
Niethammer and Jacobs et al (2000) the reassigned
scalogram can be used in here for developing the
dispersion curves of the SO and A0 modes propaga-
ting in a plate. The TOA of the SO and A0 modes is
obtained by superposing the theoretical mode and
the scalograms, then the TOA data is used to feed
the Bayesian framework for source location des-
cribed in the following section.

Bayesian framework for source location

Uncertainty in the context of numerical mo-
dels represents the lack of knowledge that results
when a prediction is performed. It arises from the
fact that numerical models are idealizations of the
natural phenomena and depend on variables that
are unknown (Jaynes 2003). There are two types
of uncertainty: epistemic and random. Epistemic
uncertainty can be reduced with a better knowle-
dge of the system, while random uncertainty can-
not be reduced. The framework for source location
proposed in this paper models uncertainty by using
probability. Probability theory requires expres-
sing knowledge and beliefs in probabilistic terms
which can be challenging. Nevertheless, probabi-
lity theory is theoretically adequate to model any
type of uncertainty, especially when there is lack or
imprecise field observations (O’Hagan and Oakley
(2004)). In this context probability is used in nume-
rical models as measure of the degree of knowledge
or belief of some parameters used in the model and
not as the traditional occurrence frequency of an
event (Beck and Katafygiotis 1998, Kennedy and
O’Hagan 2001). For instance, in the context of AE
source location the unknown parameters are repre-
sented by the variables that define the numerical
model of the wave propagation phenomena such as
velocities of the different wave modes, or the TOA
of these modes.

In the case of the first MAE methodology that
uses only information from the extensional mode,
consider that the calculated TOA with respect to the
first hit of a subsequent i-th hit that belong to the
same event is given by

dg—y (%1, 1, %0, ¥0) — do—i (X0, ¥, X0, ¥0)  (10)
v,

At@)" =

where ® represents some unknown parame-
ters; v_e is the wave velocity of the extensional
mode; d  and d - are the distances traveled by
the wave from the source to the sensors detecting

Eco matematico ISSN: 1794-8231 (Impreso), E-ISSN: 2462-8794 (En linea) Volumen 10 (1) Enero - Junio de 2019, paginas 6-18



11

A Bayesian Approach to Modal Acoustic Emission Source Location

the first hit and the subsequent i-th hit; x and y, re-
present the location of the sensor detecting the first
hit; x, and y_i represent the location of the subse-
quent i-th hit, and x, and y, represent the location
of the source. Therefore, the difference between the
measured TOA of the i-th hit with respect to the first
hit At®* and the calculated TOA of the same i-th hit
with respect to the first hit At™™ can be calculated as

§; = Atdte — At(@)pum (1)

Notice that the term & i results from the com-
bination of both modeling and measurement errors
and represents the difference between the outcome
of the chosen numerical model M, which depends
on some modeling parameters  and the experi-
mental data D. Marginalizing and assuming the
term J_1i is a realization of a zero-mean Gaussian
distribution, it can be found that

: 1/Acfate @)
P(D@,M)ocl_[exp(z(‘()‘) ) (12)

=1 Oat, 4

where 6, | . is the square root of the variance
of the arrival time of the subsequent i-#4 hit with
respect to the first hit found with the CWT and n
is the number of hits obtained after the first hit.
Notice that in Eq. (12) a minimum of three hits is
required for planar location.

In the case of the second MAE location
methodology that considers both extensional and
flexural modes for a sensor that captures a wave-
form the distance from the sensor to the source can
be written as

T T a3

where d * is the theoretical distance from
the i-th sensor to the source; toa, is the TOA of the
flexural mode; toa_ is the TOA of the extensional
mode and v_f'is the velocity of the flexural mode.
Therefore, the error function 6 i can be calculated
as

8; = do_i & — do_y(@)™™ 09

where d . (©)™™ is the distance from the i-th
sensor to the source as a function of the parameters
0. Assuming a zero-mean Gaussian distribution
can be found that

1 data numy 2
H 1 {do- 2 — do_ (@)™ Is
p(D]0, M) « 9xp<2( 0-i7 . 0-i(@)F ) ) 15)
0-i

i=1

where 6, . is the square root of the variance of
the distance between the i-th sensor and the source.
Notice that a minimum of 2 sensors is required to
locate the source in the plane.

The parameters 6, ,, and 6, can be calculated
as the square root of the variance of the difference
in TOA of the extensional mode to the sensors and
square root of the variance of the distance from the
sensor to the source. These variances can be estima-
ted theoretically based on the error on identifying
the time of arrivals as proposed by Niri and Salamo-
ne (2012) or statistically as proposed by Schuma-
cher and Straub et al (2012). In here the parameters
o, and o  are estimated statistically based on the
probability distributions obtained by performing the
same measure many times.

In this context the Bayes’ theorem can be wri-
tten as

p(0D, M) « p(D|0, M) p(OlM) (16
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where p(® | D,M) represents the Probability
Density Function (PDF) of ® for the chosen model
M after being updated with the observation D, or
posterior PDF, p(® | M) is the PDF of the parame-
ters ® for the chosen model M before updating, or
prior PDF, and p(D | ®,M) is the likelihood of oc-
currence of the measurement D given the vector of
parameters ® and the model M. The prior PDF is a
mathematical representation of the engineering ju-
dgment on the unknown variables with the purpose
of including any available knowledge prior to the
experimental observations. For instance, in source
locations algorithms the wave velocity in the me-
dium is known with a good degree of confidence,
then a Gaussian distribution with a small variance
can be used to model the uncertainty on the wave
velocity based on the prior knowledge.

Notice that Likelihood probability distribu-
tion is expressed differently for the MAE location
methodology in which only the extensional mode
is used Eq. (12) and the location methodology that
uses both extensional and flexural modes Eq. (15).
Assuming the uncertainty in the velocity of the ex-
tensional mode follows a Gaussian distribution, and
then the no-normalized posterior PDF for the first
MAE location methodology can be expressed as

n 2
1 (Al — Ae(@)[™
p(OID, M) « nexp _Z ¢
2 gAtl—i

i=1

1 vgheoreticai _ vie: 2
ex ——\——
P 2 Oy,

where v "ot s the theoretical extensional
wave velocity and v, is the extensional wave velo-
city used in the model. On the other hand for the se-
cond MAE methodology that uses both extensional
and flexural modes the posterior PDF is expressed
as

an

i=1

1 véheareticat _ V;E 2 1 v}gheoreti‘cal _ Vf 2
exp| —=| ——— | |exp| | ——
P72 ov, Pl 72 o

where v o<l js the theoretical flexural wave
velocity and v_f* is the flexural wave velocity used
in the model.

I data nums 2
1 {dy_ ;2 — dy_i (@)
p(emm«| |exp<2(°ad°()))
0-i )

The parameters ® to update correspond to the
unknown variables: x and y, which represent the
location of the source; and the wave velocities, v,_
and v, . Notice that the posterior PDF of Eq. (17)
and Eq. (18) are a multivariable PDF of three and
two dimensions respectively. The marginal distribu-
tion is calculated by sampling data from Eq. (17)
and Eq. (18) through a Markov Chain Monte Carlo
(MCMC) specifically the Metropolis-Hastings algo-
rithm.

Sampling

Sampling is used to obtain a set of samples
from a larger set or population. Samples can be ob-
tained from a PDF such as posterior distribution or
from a set of data (resampling). In the case that the
samples are obtained from a PDF, methods such as
Markov Chain Monte Carlo (MCMC) and in speci-
fic the Metropolis-Hastings algorithm can be used.
The algorithm is described in the following.

The Metropolis-Hastings algorithm generates a
Markov chain where the proposed @' depends on
the previous ®'. Each candidate ®"! is generated by
the density q(®""),0' ) and the probability of mo-
ving from ®' to ®"! is given by

9t+1 D,M @t-f—l,@t
A(Bt,@t“):min[p( | )q( ) 1] (19)

p(0'[D, M) q(6%,6%1) ’
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if p(@' | D,M) q(®,0"" )>0, otherwise 1. No-
tice that p(® | D,M) is present in the numerator and
denominator. Therefore, the normalization constant
of the joint distribution p(® | D,M) does not have to
be determined. The density function q(®"!,0!) is
chosen as q(®@"'-@" ), where q_1 () is a multivaria-
ble normal distribution. This results in the random
walk @"'=0"7, where z is random and follows q, (*).
More information about the Metropolis-Hastings
algorithm can be found in (Chib and Greenberg
1995, Robert and Casella 2004). The algorithm is
run several times using different starting points and
a number of initial samples are discarded. The sam-
pling algorithm is run until convergence is reached
based on Gelman, Carlin et al. (2004) criteria.

Experimental Validation

This section presents the experimental vali-
dation of the Bayesian source location framework
using PLBs on an aluminum plate "sin thick and
36in by 36in. Four ultrasonic sensors '2-2.25 ma-
nufactured by Xactex were used to capture the AE
signals as shown in Figure 1. The signals were con-
ditioned using %4/6 preamplifiers at 40 dB, and then
were acquired using a PCI2 system manufactured
by Mistras Group. The waveforms were sampled
at 10MHz and had a duration of 409.6pusec. Filters
were set to let pass frequencies between 20KHz and
3MHz. PLBs were performed in three different lo-
cations as shown in Figure 2 and were repeated 40
times per location, for a total of 120 PLBs conside-
ring all locations.

Figure 1. Aluminum plate used for PLBs location

20
03 O1
B [ A PLBIocation 1 &
[> PLB location 2
= </ PLB location 3
Z 10 O Sensors >
=<
O
>
5+
0 o? < ot

I I I I I I I
0 5 10 15 20 25 30
Xaxis (in)

Figure 2. Sensors and PLBs locations

Results

The reassigned scalograms were calculated for
all waveforms captured from all PLB positions. The
theoretical extensional (SO) and flexural (A0O) mo-
des were plotted as well, to match the reassigned
scalogram using the non-dispersive points of the
modes. Figure 3 shows typical reassigned scalo-
grams from waveforms obtained in PLB position 1.
The time of the arrival for each mode was identified
by reading from the reassigned scalogram the TOA
of the non-dispersive package that matches the spe-
cific mode.

The TOA of the extensional and flexural mode
obtained from all 120 PLBs performed in the three
PLBs positions shown in Figure 2. Figure 4 shows
the histogram of the TOA of the extensional mode
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for all sensors for PLB position 1. Figure 5 shows
the histogram of the distance from the sensors to the
source calculated for PLB position 1. Table I shows
the variance of the TOA of the extensional mode for
all sensors in all PLBs positions and Table II pre-
sents the variance of the distance between the sen-
sors and the source for all PLBs positions. Notice
that the variances in Table II and the histograms in
Figure 5 are the result of the statistical representa-
tion of the TOA of the extensional mode, the flexu-
ral mode and the velocities of the extensional and
flexural modes as shown in Eq. (13).

The location of the AE events were calculated
for all PLB positions using the Bayesian inference
framework proposed in here and the posterior distri-
butions of Eq. (17) and Eq. (18) were sampled using
the MCMC method. Figure 6 and Figure 7 show the
calculated location of the AE event for PLB location
1 using the MAE methods 1 and 2 respectively. Fi-
gure 8 and Figure 9 show the computed location of
the AE event for the PLB 2 using the MAE location
methods 1 and 2 respectively. Figure 10 and Figure
11 show the calculated location of the AE event co-
rrespondent to PLB location 3 using the MAE loca-
tion methods 1 and 2 respectively. Notice that in all
PLB locations both methods MAE 1 and 2 locate the
AE events to a region that encloses the actual PLB
location. Additionally, notice that the MAE location
method 2 has a noticeable larger region than MAE
location method 1. This can be explained by the fact
that MAE location method 2 depends on the TOA
of both modes extensional and flexural, while the
MAE location method 1 depends only on the TOA
of the extensional mode. Identifying the TOA of
both extensional and flexural modes is challenging.
Notice that in most cases is easier to identify the
TOA of the extensional mode because correspond to
the portion of the wave that first arrive to the spec-
trogram. However, the extensional mode may disa-
ppear completely because of attenuation and may be
confused with the flexural mode. On the other hand
the flexural mode may be confused with reflections
of the extensional mode. Thus identifying the TOA

of the flexural mode is more difficult than the exten-
sional mode. Because MAE location method 2 uses
both extensional and flexural mode, it is expected to
have a larger uncertainty.

Channel 1 Channel 3

N
N

n

Frequency [MHz]
Frequency [MHz]

400 0 100 200 -100
Time [ sec]
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Time [ sec]
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Frequency [MHz]
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-100 0 100 200 -100 0 100 200
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Figure 3. Typical reassigned scalograms for PLB position 1
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Figure 4. Distributions time of arrival extensional mode PLB position 1
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Figure 11. Marginal distribution source location using MAE method 2 PLB position 3

Table I. Calculated variance of the TOA extensional mode for all sensors and PLB

positions

Channel Variance Variance Variance
(us) PLB 1 (us) PLB 2 (us) PLB 3
1 3.1 10.1 2.7
2 3.6 15.0 1.3
3 34 1.6 143.4
4 34 1.5 6.0
Table II. Calculated variance of the distance from the sensor to the source for all
sensors and PLB positions
Channel Variance Variance Variance
(in) PLB 1 (in) PLB 2 (in) PLB 3
1 4.1 6.8 11.2
2 83 7.9 10.5
3 5.4 7.0 13.6
4 9.4 8.8 2.0
Conclusions

This paper presents the uncertainty quantifica-
tion of two MAE source location techniques. The
first technique uses the TOA of only the extensional
mode, and thus the source is located based on the
difference in TOA of the extensional mode to the
different sensors. The second MAE source location
methodology uses the TOA of both the extensional
and flexural modes, and then source is located based
on the distance from the source to the sensors. Both

methodologies are implemented within a Bayesian
framework.

The Bayesian framework was validated using
an aluminum plate 36in by 36in and 'sin thick. A
total of 120 PLBs were performed in three different
locations in order to create a statistical represen-
tation of the TOA of the extensional and flexural
modes. Then the posterior distribution of the MAE
methods 1 and 2 was sampled using the Metropo-
lis-Hastings algorithm.

In general it was more challenging to identi-
fy the TOA of the extensional mode in wavefor-
ms obtained far from source. Furthermore, in all
sensors it was difficult to identify the TOA of the
flexural mode because of reflections of the exten-
sional mode. Results from the calculated probability
of location of the PLBs for MAE methods 1 and 2
show that both methods can point to the correct re-
gion were the actual PLB was performed. However,
MAE method 1 generates a noticeable smaller re-
gion than MAE method 2. This can be explained on
the fact that MAE source location method 2 depends
on both extensional and flexural TOA.

The increase in accuracy obtained with the re-
assigned scalograms and the theoretical modes, as
well as the known reliability obtained through Ba-
yesian inference can lead to significant improve-
ments in source location technology. In special the
second MAE source location methodology that uses
the time of arrival of both extensional and flexural
modes have the potential to reduce significantly
the number of sensors needed to monitor plate-like
structures.
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