Abstract

Harb, Hussein Said. A Probabilistic Approach to Damage Localization inustural Health
Monitoring. (Under the direction of Dr. Fuh-Gwo Yuan.)

A probabilistic framework for on-line structural health mtoring of plate-like
structures, which addresses the issue of uncertaintieseimthi the problem of damage
detection, is presented. This work answers the foligwinestion in a probabilistic approach:

Based on the available data, and acknowledging the uncertainty inherent in the
problem, what is the probability that the damage occurs at a certain locatian i

structure?

Gaussian probability density functions (PDF) have hessd to model the different
types of uncertainties. These uncertainties thapagsented in this work, include stochastic
and model uncertainties. Considering these types ofrtanatges, the main objective is to
locate the damage in a plate structure in a probabif@tm. Also, the sensitivity of damage

localization to the levels of uncertainties is présdnn this work.

The probabilistic structural health monitoring employedhis study can be presented

in the following steps:

Firstly, an elastic wave energy decay model in r@eto the propagation distance for
the damage localization problem in isotropic plateshissen. A Gaussian PDF is used to
represent the uncertainty that is due to the underlying gé®un®, which simplify the

physical model.



Secondly, the uncertain measured sensor data (st@chasgrtainty) is modeled as a

Gaussian PDF.

Thirdly, a least-squares damage localization techniqgappsed to iteratively search

for the location of the damage based on elastic wagsyg measurements.

To model the PDFs of the stochastic and model unceesirend to solve for the
resultant PDF of the location of the damage (output)guthe PDFs of the measured and

modeled data (input), the Monte Carlo method is used.

Lastly, probabilistic diagrams for the damage locatian be constructed using the

moments (mean, variance, etc) of the resulting PReoflamage location parameters.

Based on the efforts described in this work, a numbeowoélusions can be drawn:

First, a SHM method that accounts for uncertainty ® 8HM problem in a structured
fashion has been successfully established. Second, thee Mbarlo simulation is suited to
model uncertainties when dealing with statistical anslyBhird, the probabilistic approach
is capable of showing the effect of the level of uraieties on the damage localization,
which proves that the damage localization is more semsa the stochastic uncertainty than
the model uncertainty, implying that the elastic wawergy decay model is accurate and
robust. Also, a conclusion can be drawn that the kpget of the probabilistic approach is
the minimization of false-positive and false-negatnaicators from the damage localization
process. False- positive refers to the situation wtlamneage is indicated when in fact none is
present. False- negative refers to the situation wit@ngage is not indicated, even though it
is present. Fourth, the method is an active damagetideteéechnique, which is suitable for

the applications of SHM. Lastly, the method uses thetimle series data information



collected by each sensor, not only the time-of-flighttiore of arrival. Experimental and
simulation results show that the estimated damagaidot by least-squares method makes

good agreement with the targeted location.
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1 Introduction

1.1 Why Structural Health Monitoring?

On April 28, 1988, an Aloha Airlines Boeing 737 dedly lost an upper fuselage
section while at 24,000 feet. Sixty-nine passengene injured and one flight attendant was
swept from the plane. Inspections of the aircrafthe aftermath of the accident revealed
significant multiple site damage in the fuselagstdaer hole. The suspected cause of the
damage was corrosion fatigue. Ironically, withire teix month prior to the accident, the
plane had been inspected and undergone some napair work in accordance with the

FAA and Boeing guidelines (Vanik, 1997).

On June 17, 2002, the wings came off a Lockhee®@@AIfirefighting tanker as it
pulled up from dropping extinguishing agent on azbl near Walker, California, killing all
three crews (Aviation Week & Space Technology, 200&leotape of the accident showed
that both left and right wing panels folded upha tving root and departed the aircraft, with
the fuselage hitting the ground roughly 5 secrldtespections of the fighter aircraft revealed
a 10-12 in. fatigue crack in the center wing boxhe firefighting Lockheed C-130A along
the line where the right wing was separated froentabdy. Other smaller fatigue cracks were

also found along the parting line on the lower wshka.

These are a few of other available examples whesteuctural failure arose due to
loss of structural integrity. These examples atsealed that existing inspection regulations
and techniques were insufficient to locate the éddracks and to recognize the possible
danger in a timely and detailed manner. Thereftechnique, which is able to monitor the

state of a structure in a detailed manner, morepable time scale, warn of potential



problems, and locate the invisible damages, waulatove structural safety. This leads to a

great deal of research in the area of Structuralthiélonitoring.

1.2 Structural Health Monitoring

Structural Health Monitoring, or SHM for short,tlse process of establishing some
knowledge of the current physical condition of misture. The essence of SHM technology
is to develop autonomous built-in systems for thentiouous real-time monitoring,
inspection, and damage detection of structures witimum labor involvement (Chang,
1997). A successful technology for SHM has enormgosential for applications in
monitoring aerospace structures subject to fatigogpsion, or impacts, earthquakes, as well
as building, offshore structures, and bridges sbj® severe loads or structural

deterioration.

A great deal of research in SHM has begun in thet pairty years, aiming at
establishing effective methods for health monitgrin civil, mechanical, and aerospace
structures. In particular, for real applicationsSéfM in aerospace, Boeing’s new 787 aircraft
will have a full-time built-in SHM system with seors embedded in the structure to evaluate
the state of structural health. According to NASA®squirements on the new Crew
Exploration Vehicle (CEV), Lockheed Martin’s Atlag and Boeing’'s Delta IV satellite
launchers will soon have integrated health-momgpiystem to assess the overall health of
the vehicle continually during the ascent to spar@blem before it becomes catastrophic

(Lannotta, 2004).



The potential benefits from a SHM system are enaoistsuch as real-time monitoring
and reporting, saving in maintenance cost, redudatpr, downtime and human error,

improving safety, reliability, and etc.

In order to convey an appreciation for the natdréhe research in SHM, this section
presents a brief description of a few techniqueld@ed to detect various forms of damages

in both local and global approaches.
L ocal Damage I dentification

Local SHM techniques use direct examination ofcttmal members to determine the
condition of those members. Many methods fall thie class. Visual inspection is the most
basic form of local SHM. In certain cases, visuapections are complemented by non-
destructive testing procedures but these are lngature and cannot provide information on
the overall health of the structural system. A ga@mple of the limitations of SHM
technology based on visual inspection is found he tlamage induced by the 1994
Northridge Earthquake on welded moment-resistingnections of steel buildings (Vanik,
1997). Needless to say, given the cost and difffoofl inspecting hidden structural elements
and connections, detailed inspection was not chotg first. Detailed inspection of existing
structures showed that the type of weld fractunas had been observed was pervasive in the
existing building stock. The situation, if undetmtt would have resulted in a significant
number of weakened buildings that would pose umiileto the occupants during future

earthquakes.

In order to assist with detecting small-scale fgutton-destructive evaluation (NDE)
techniques can be employed. Eddy current and maghet approaches look for cracks and
delaminations (for composite materials) by monitgrimpedance changes in a coil placed

3



near the surface of the structure (Vanik, 1997jrddbnic techniques send high frequency
waves into a member and measure the backscattalsigihe backscatter signals carry
information about discontinuities such as crackdaminations, and other defects. While
these NDE methods provide a good picture of the Ibegmnder consideration, there are a
few limitations. First, the NDE techniques have Haame problem as visual inspection as
regards to inaccessible areas. Also, applying tbeseedures are quite difficult, expensive
and time-consuming. Finally, these approaches re@un inspector to be present to conduct

the investigation (Vanik, 1997).

Another set of local SHM techniques, which do remjuire user interaction, have also
been developed. Such methods address the problénmowitoring difficult-to-access
components of a structure and of increasing the gdmonitoring by placing sensors either
directly on structural members or embedding thenthan structures and monitoring them
remotely. Besides sensors, actuators exciting dstgnsignals can also be surface-mounted
on or embedded in the structures to build an a@i& system. A major advantage of the
active SHM system over a passive one (without {ifictuators) is that the active SHM is
subjected to a prescribed actuation and thus isesedhe accuracy and reliability of

assessing the structural status from the collestedor data (Wang, 2004).

Generally, the excitation in an active structuraalth monitoring system (with both
sensors and actuators) can be mechanical and ncmameal. Mechanical signals, such as
elastic and acoustic waves, are those for which exhanical medium is needed for
propagation, i.e. solid, fluid or gas medium. Oe tther hand, a non-mechanical wave, such
as electromagnetic wave, can propagate in any medncluding vacuum. Wave-based
damage detection technigue excites transient wanmgsagating into structures by actuators,

4



since the waves will be reactive to damages suakefiestion, scattering or dissipation, the
health status of structures will be estimated lyming the response waves received by the
sensors. Wave-based method can effectively obtaindcal information of structures and

can accommodate variations of boundary conditioiistemperatures (Solet al, 2004).

All of these local techniques can give indicatafrthe location and possible severity
of the damage in the area to which they are appBgdapplication to the high stress areas,
these local methods could provide a very completiqe of the current damage state of the
structure. For small regular structures such asspire vessels and wing boxes, this might be
a reasonable application of these local approadfasstructures beyond a certain size and
complexity, examination of every component of ttreicture is not feasible. These methods

are therefore best used to monitor specific compisnaf a structure.
Global Damage | dentification

Numerous investigators have applied vibration-basethods to detect damage
existence and attempt to localize damages mainhptiating machinery or civil structures
such as bridges, highways, and buildings. Howebhere are several essential disadvantages

limiting the extensive application of vibration-lkasdamage detection methods:

First, vibration-based approaches have low seitgitie damage. The basic premise
of most vibration-based damage detection methodkais damage will alter the physical
parameters such as stiffness, flexibility, dampietg., which in turn alter the measured
dynamic response of the structure such as resdreguencies and mode shapes. However,

the damage is typically a local phenomenon, att leaghe beginning stage, and may not



significantly influence the global response of mature that is normally measured from the

vibration test.

Second, a limited number of lower modes and triattahode shapes that can be
reliably determined can lead to systematic ermorvibration-based methods, the response
measurement can be expressed in terms of a supenpax all mode shapes, but only a
limited number of modes may be accessible in gradiecause of limited number of sensor

measurements and loss of fidelity in higher modes.

1.3 The Basic Concept of Probability

Engineers face uncertainty consciously and/or uswionsly when they perform the
engineering design. Generally speaking, enginearmggrtainties (that will be discussed in

detail in Section 2.4) may occur in three basicsvay

Uncertainty occurs when engineers measure paranetemrmake predictions of
dependant variables from measured quantities. Eaggnare inclined to assume that this
kind of uncertainty does not exist at all. Theydeio treat problems of this type as
determinate, and over-design to compensate forrtamegy. This must be considered as a
rather crude treatment of this kind of uncertairdpd we must learn how to bring our
judgment to bear on the problem in a more ratiovey, using the concepts of probability

theory (Siddall, 1983).

The second basic type of engineering uncertaintyrscwhen we are concerned with
an event that may or may not occur, or the timgsobccurrence may be uncertain (Siddall,

1983).



Engineers may also be uncertain about the valafity hypothesis or theory that is to

be used to predict performance of an engineerisgde

To deal with uncertainty in a rational and orderednner, we must be able, in a
sense, to measure it. The tezrentwill be used to designate all the kinds of phenoanat
are uncertain. The measure of the degree of umugrtabout the likelihood of an event
occurring is probability. In an attempt to measypm@bability, we begin by arbitrarily
defining its range as 0 to 1 (0 to 100%). If we @@eain that an event will not occur, we say
that it has a probability of O; if we are certairat an event will definitely occur, it has a

probability of 1.

1.4 Why Probability in Structural Health M onitoring?

In locating the damage, if the data collectedh®/sensors have very low noise levels
and the damage localization algorithms are rigarows significant uncertainty may be
present. Ignoring the uncertainty should not leadrty problems. However, in many cases,
these assumptions do not apply. The algorithmslyrarapture the full behavior of the
structure. Further, the amount of sensor datamgdd. In addition, even when the sensor
data are available, it tends to show significaniateon from one measurement to the next
(Vanik, 1997). In this case, the uncertainty issaenot be avoided. Uncertainties will lead to
difficulties in concluding whether changes in thedal parameters are due to damage or
effect of uncertainty. Due to different types ofcartainties that are due to noise in the
measurements, environmental changes, human erodelimg error, and etc. (more details in
Section 2.4), a method should be used to quantiiy assess the different types of
uncertainties. Thus a method that is capable osm@ay the degree of belief of the damage
location by taking uncertainties into account stooe¢ used to make decisions concerning
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structural safety and quantifying the sensitivitdvarious uncertainties. Probability analysis

is a method that can achieve this objective.

1.5 Previouswork in SHM considering Uncertainties

Vanik, Beck, and Au (2000) presented a Bayesiabatuilistic methodology for
global damage detection in bridges. The method wseskquence of identified modal
parameter data sets to continuously update std#frmgameters. The probability of the
updated stiffness parameters being less than afisgeftaction of the corresponding initial
model stiffness parameters is calculated. In thjgr@ach, a high likelihood of reduction in
model stiffness at a location is taken as an indicéor damage at the corresponding
structural location. A damage metric is used ascti@nges in the stiffness parameters that
are identified from modal parameter data sets, éetman undamaged state and a possibly
damaged state. This measure is needed becausalsactors such as variation in the
identified modal parameters even in the absencgaofage as well as unavoidable model

error can lead to uncertainties in the updated hpatameters.

Baruh and Ratan (1993) developed a method foridbatification of structural
damage and detection of the location of damage fruss structure. The detection was
carried out in two parts. First, the eigensolutafrthe system was identified using a modal
parameter identification technique. Then, the idiedt eigensolution was used together with
the properties of the eigenvalue problem to detleetdamage components. A sensitivity
analysis was performed, where the effects of uaceyt in the mathematical model were
analyzed. For example, they considered an originwadel, which is incorrect in the mass and

stiffness properties for all the truss elementgytincreased the level of uncertainty and



compared the accuracy of the damage localizatidwe. fEsults indicated that if there are
modeling uncertainty in all the truss elements dM@¥o, the damage localization results are
not very accurate. It was observed that such uasiogyt when moderately small, do not

affect the damage localization results.

Sohnet al. (2001) presented structural health monitoringhan ¢ontext of a statistical
pattern recognition paradigm. Two pattern recognittechniques based on time series
analysis were applied to fiber optic strain gaugeadbtained from two different structural
conditions of a surface-effect fast patrol boate Tinst technique was based on a two-stage
time series analysis combining Auto-Regressive (ARJ Auto-Regressive with exogenous
inputs (ARX) prediction models. The second techaigmployed an outlier analysis with the
Mahalanobis distance measure. The Mahalanobis edjulstance of the outlier was checked
against a threshold value. A Monte Carlo method ugzsl to define the threshold value. Due
to the uncertainties, they used data normalizatiera procedure to “normalize” data sets
such that signal changes caused by operationakavidonmental variations of the system
can be separated from structural changes. The ofgective of the work was to extract
features and construct a statistical model thaingdigishes the signals recorded under the
different structural conditions of the boat. Thése techniques were successfully applied to
the patrol boat data clearly distinguishing datés sgbtained from different structural

conditions.

Fugateet al. (2000 and 2001) also presented vibration based-gendetection
problems in the context of statistical pattern gegbon. Statistical process control using
control charts was applied in an unsupervised legrmode to the vibration test data

obtained from the bridge column in its undamagetlesand after various levels of damage



has been introduced. In their work, they focusedapplying statistical process control
methods referred to as “control charts” to vibratimsed damage detection. First, an auto
regressive (AR) model was fit to the measured acagbn-time histories from an
undamaged structure. Residual errors, which quatité difference between the prediction
from the AR model and the actual measured timehjisit each time interval, were used as
the damage-sensitive features. Next, the X-bar &rmbntrol charts were employed to
monitor the mean and variance of the selected featiControl limits for the control charts
were constructed based on the features obtainedtfie initial intact structure. The residual
errors computed from the previous AR model and egilbsnt new data were then monitored
relative to the control limits. A statistically sificant number of error terms outside the
control limits indicated a system transit from aligy state to a damage state. In their work,
two key issues raised when attempting to applysthgstical procedures to SHM. First, one
must examine features that quantify environmentdl @perational variability as well as the
structural condition. Without this measure, ond halve difficulty distinguishing changes in
vibration response caused by damage from changeeady other sources of variability.
Second, the addition of these environmental andatipeal features must be done with the
concept of feature vector dimensionality in minthefiefore, the environmental uncertainties
were incorporated directly into the AR model by iadgda parameter for each factor of

interest along with observed values of the factor.

Doeblinget al.(1998) studied the issue of the statistical sigaifce of the changes in
the modal parameters and damage indicators bettheevarious damage cases in the 1-40
bridge experiments. The emphasis was to deterrmetatistical significance of the changes

from one case to case. The approach demonstratkeiirwork uses Monte Carlo analysis to
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compute statistical confidence intervals on the enahape components and damage
indication parameters. Then a statistical diffeeertest was employed to associate a
confidence level with the statement that the meslnes between the two sample sets were
significantly different. This statistical differe@dests was applied to the individual flexibility
change at that particular degree of freedom shielldonsidered to be statistically significant
or not. These difference statistics indicated thlative significance of the changes in a
particular parameter relative to changes in otlaeameters. The shortcoming of their work is
that uncertainties were not considered. Thereftre, results of their analysis can only
discriminate whether the observed changes areststatly significant, not whether the
source of the observed changes is structural dank@gyeexample, a systematic error in the
testing procedure or a change in the structuraintbary conditions can both lead to a
statistically significant change in the measuredcsural flexibility, which the analyst may

falsely conclude is the result of structural damage

1.6 What Does ThisWork Present?

This work presents a probabilistic methodologydamage localization in plate-like
structures. This probabilistic methodology incogies different types of uncertainty (which
is discussed in detalil in Section 2.4) in the SHMcess. The mathematical description and
guantification of uncertainty is described in Sewt2.5. Also, the effect of the level of

uncertainties on damage localization is analyzed.

Determining the physical condition of the structtirat is based on finite numbers of
sensor measurements is a nonlinear inverse proldemtions to the inverse problems are

inherently unstable or ill-posed, i.e., the solotie sensitive to noise and measurement error.
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In addition, inverse problems are non-unique duthé¢ofact that complete data collection is
not practically feasible. To solve this nonlineaolgem, which is sensitive to signal-to-noise
ratio and measurement error that leads to uncédgsina damage localization technique
based on a least-squares method and Monte Carldasiom considering uncertainties is
mathematically developed. The estimated damagéidocanay be calculated from collected
signals such that the error function between thenated damage location and the real
location reaches its minimum. The least-squaresadantocalization technique utilizes the
signals reflected from a single damage and itegbtigearches damage position until the

error function reaches its minimum value.

In a previous work done by Mr. Wang at North CaralState University, an active
structural health monitoring system (with both sgssand actuators) is used. The actuators
are used to excite elastic waves. Also, the legisties method has been mathematically
deduced and verifiegia both numerical simulation and experiments. Thihhegue was

demonstrated through the following steps:

 An elastic wave energy decay model for wave projagain plates was

established.

 The least-squares method was applied to iteratigelgrch localized damage
based on minimization of the difference betweenrigasured and the modeled

elastic wave energies.

 Simulation examples for single damage detectionewdemonstrated using

Matlab.
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* A simple experimental system was set up to validla¢efeasibility of the least-

squares method for damage localization in an alumiplate.

From the simulated results and experimental dataas shown that the estimated
damage position by the least-squares method gae agreement with the targeted damage

location.

In this work, the least-squares method for damagmlization is used in a
probabilistic framework. Uncertainties using Mo@arlo simulation will be incorporated in
the analysis and in all the steps mentioned ab®tWes method is verifiedria humerical
simulation and experimental data. The goals ofitieshod are accomplished by formulating
the solution in a probabilistic framework, whichkés two types of uncertainties into
account. Also, in the following, uncertainty of alamtity is described in terms of a
Probability Density Function (PDF) that specifibe probability of all possible values of that
guantity. In this context, probability is used & tyuantitative measure of the degree of
confidence of the damage location by taking unadres into account. For engineering
applications, representing the uncertainty as gilibainformation is reasonable because

large amounts of test data and well-establishaddbtheories are available.

The basic procedure of the probabilistic approauhthe Monte Carlo method used
in this work can be summarized as the followifithe objective of the problem is to deduce
the probabilistic means of the damage location ftbm probability density functions of the
measurements and the modeDue to the complexity of the mathematical relatinrthe

equations between the inputs and the output, thedGarlo method is used.
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Some simple problems have been examined to solvehéo resultant PDF of a certain

outcome using the PDF of certain inputs. One examsgllustrated in detail as follows.

Nowaket al. (2000) presented a cantilever beam such showrifotlowing figure.

AP

W

Y v v v v ¥
a le—— 6ft —»

Figure 1.1 Example of a cantilever beam

SONNNN

Using the Monte Carlo technique, the mean and tdradard deviation of the moment of 6 ft
from the free end is to be calculated. The loadm® W are independent normal random

variables with the following parameters:

P =4000b , W =50lb/ft

op =400, o, =5Ib/ft
The bending moment M at the location of interedtlis= 6P —18W . Since P and W are both
independent normal random variables and M is alifienction of P and W, thus M is also a
random variable. The mean and the standard dewiatidVl can be calculated exactly by

using the following formulas:
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n
If Y =ay+a,X;+a,X,+---+a,X, =a5+>aX, wherea (i = 01...,n)are constants and
i=1
- 7" n N7 - -
X, are random variables. Then the mean of Yis a, + > a,X; and the variance of Y is
i=1
2 _ & ,2.2
Oy = Z:lai Oy,

Therefore:

M =6P-18W = 23100b [t

Oy =4 (605)2 + (180,,)? = 24000 [it

The exact solution was compared with the Monte aCadlution. For this example, five
values of the bending moment M will be calculatesing the Monte Carlo simulation.
Therefore, five values of the load P and five valoéthe load W will be simulated. This will
require determining 10 values (two simulated vdeshimes five values of each variable) of
a uniformly distributed random variablg between 0 and 1. The uniform random numbers
are generated and then the simulated values ofdPMAaare calculated using the equation
X, = X +2,04 . Therefore, for a given sample valag the corresponding; value can be

calculated. The following table corresponds to tladues of P and W that have been

calculated.
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u; Z, | P, = 4000+ z, (400)
0.050203 | -1.64289 3343
0.618128[0.303154 4121
0.872402] 1.13782 4455
0.376568| -0.31451 3874
0.139927 | -1.0806% 3568
u; Z; W, =50+z,(5)
0.318491]-0.47192 4784
0.987671] 2.24672 61.23
0.033265] -1.83483 40.83
0.234626 | 0.723697 46.38
0.623157 | 0.313783 51.57

Next, five data setfP, W, &re formed and used to generate five values ®ntbment M
using M,; = 6P, —18W; . The following results are generated fdr, (Ib.ft), (19200, 23620,

25990, 22410, 20480). Then the mean and the sthd@aration can be calculated using the

following equations:

5
> M, =22,3401b (it

> 2 IVAY4
(ZM7)-5(M)
oy = -2 = 26509b [t
5-1

Comparing these values with the theoretical exaties obtained earlier, it can be noticed
that the values are comparable but not as accagtbey should be. The accuracy of the
Monte Carlo simulation approach increases as thaeu of sample values increase. If more
simulated values of M are generated, the estimhtBeomean and the standard deviation
would improve. For example, when the number of dass 50, the sample mean and
standard deviation are found to be 22990 Ib.ft 2882 Ib.ft respectively. These values are

much closer to the theoretically correct value23#00 Ib.ft and 2400 Ib.ft.
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2 Theoretical Background and M athematical For mulation

2.1 Probability and Random Variables

Probability is a scale of measurement used to tesc¢he likelihood of an event,
where an event is defined as the occurrence oteaifsgdl value of a random variable, e.g.,

the location of damage.
n
P(X =xg) = —
(X =Xp) N

wheren is the number of observations on the random virixb that results in an outcome

of interestX,, andN is the total number of observations Xf.

In any experiment there are numerous phenomenanabe observed or measured.
In general, each outcome of an experiment can $eceted with a number by specifying a
rule of association. Such a rule of associatiortaled a random variable. Therefore, a

random variable assigns numerical values to theomugs of an experiment.

2.2 Histogram, Cumulative Distribution Function, Probability Density Function.

Histogram is a special type of charts that are conmynused to display and describe
data. They are developed from that data for somehlas of interest. A histogram is a plot
of the number of data points of occurrence versiected intervals or values for a parameter.

Given a real numbek, the set{X < x}, consisting of all outcomeg such that
X({)<x, is an event. Its probabilitP{X < x} is a number depending on; that is, a
function of x. This function is denoted blfyx (x gnd is called the cumulative distribution

function (CDF) of the random variablé . Therefore, the CDF of a random variai¥as the
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function Fy (x) = P{X < x} defined for any numbexfrom —ooto + 0. Thus, for a given
X, Fx (X) represents the probability of the evé)(ts x}consisting of all outcomeg such

that X({) < x. The CDFFx (x has the following properties:
+ Fy(-0) =0, Fy(+0) =1
« Itis a non-decreasing function &f: F, (%) <Fy(X,) for x; <X,
* Itis continuous from the right=, (x*) = Fy (X)

dFy (X)
dx

The derivativeX = of the CDFFy(x)is called the probability density

+
function (PDF) of the random variabk . X is a non negative function ancfox dx=1
—o0
A typical example of the PDF is the Gaussian dstion. Experimental

measurements always contain some variability, thasconclusion can be drawn with
certainty. Statistics gives us tools to accept kaens that have a high probability of being
correct and to reject conclusions that do notnleaperiment is repeated many times, and if
the errors are purely random, then the results terdlister symmetrically about the average
value. The more times the experiment is repeatexiore closely the results approach an
ideal smooth curve called the Gaussian distributitimee Gaussian distribution function is

given by the simple formula:

X =1 ex;{—(x_“)zJ (2.2.1)

a/2m 202
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where x represents the possible outcome of the measurefbatquantityy is the mean
value of the measurements aoids the standard deviation (variance) of the measeant set.
The function X determines the probability of the occurrence of thécome x of the
measurement. The mean and standard deviation ¢haracthe Gaussian distribution. The
mean is the center point of the curve and the stahdeviation measures how closely values
are clustered about the mean. Figure 2.1 showS#ussian distribution with a mean and

a standard deviatioa .

X
1 T T T T T T
0.9t -
0.8t i
0.7t -
0.6} i
05} u
0.4t -
03t E_ -
0.2F "
01F -
0 L L 1 L
5 4 3 2 1 0 1 2 3 4 5
I X
Ll

Figure 2.1 Gaussian distribution with mgar= O and standard deviatioo = 1/+/2Tt
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2.3 Joint Distribution Function of Two Random Variables

If X andY are two random variables, the joint distributiamdtion of X and,
denoted byF,, (X, y )is defined as the probability of the intersectadriwo random events
{X = x} and{y < y}:

Fay (% Y) = P(X <) n (Y S Y} =P(X XY <) (2.3.2)
treated as a function of two random variablesdy. F,. (X, y) is sometimes called the joint
cumulative distribution function ofX and Y. If F,,(x,y) is the joint (cumulative)
distribution function ofX andY, then the distribution functionBy (x gndF, (y )are called
marginal distribution functions.

ConsiderFy, (X,0) = P(X < X,Y < o) = P(X < X) = Fy (X) (2.3.2)
SinceY < « is a certain event an@X < X,Y <o) = (X < x . pimilarly,

Fuy (0, Y) =P(X <0,Y<y)=P(Y <y)=FK/(y) (2.3.3)

Geometrically, the joint probability distributioruriction Fy. (X;, Y, ) represents the
probability of a random point (a point with randamordinatesX andY) falling within the

quadrant bounded by lines= x, andy =y, intersecting a(x;, y; @s shown in Figure 2.2a.
The marginal probability densitl, (x; i the probability of the abscissa of the random
point falling to the left ofx = x; (Figure 2.2b), and~, (y; Jhat of it falling belowy =y,

(Figure 2.2c). Falling anywhere in tikgplane is a certain event; hence,

Fyy (0,00) =1 (2.3.4)
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Figure 2.2 (a) Joint probability distribution functiéf, (X, y;) is described by the probability of the

random point falling within the shaded area. (b,c Warginal distribution functioffr, (X;) and

F (y,), respectively, are described by the probability of &melom point falling within the shaded
areas
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The joint probability distribution function apprdees zero as either or both of its

argumentsy, yapproaches- o :
Fyy (=0, ¥) = Fyy (X,=®) = Fyy (-%0,—®) =0 (2.3.5)

Indeed, sincg X < —c0,Y < y} D{X < -0 e haveP{X < -0 Y < y} <P{X < -0} = 0
which leads to the first of the equalities in eqigs 2.3.5, other equalities are derived in an
analogous manner. Geometrically, Eq. 2.3.5 is qutar: As one of the argumentsry,
approaches- o , the probability of the random point falling withihe shaded quadrant
approaches zero.

Now suppose; < X,. We have, then, for a fixeg =y, ,
P(X, < X<X,YSVY,)=P(X<X,Y<VY,)-P(X<x,Y<Y,)

which is illustrated in Figure 2.3.

D] I

S| Xa X

Figure 2.3 Probability of random point falling within thleaded area is described by the difference

Fxy (X2, ¥2) = Fyy (X, ¥2)

We have
P(X < X'=X,Y £¥,) = Fyy (%, ¥2) = Fxy (%0, ¥2) (2.3.6)
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Since the left-hand term of Eq. 2.3.6 is a prolitgbilt is a nonnegative, implying that the
joint probability distribution function is a non-clkeasing function of. Similarly, it is a non-

decreasing function of indeed, ify, <y, we have, for fixedx = x, (see Figure 2.4)

P(X<X, ¥, <Y <Y,) =P(X<X,Y<Y,) -P(X<X,Y< V)

F
A
Ya
b
-
x=x X

Figure 2.4 Probability of random point falling within thleaded area is described by the difference

Fxy (X2, ¥2) = Fyy (X2, Y1)

The rectangle in Figure 2.5 may be consideredeaslifference of two half-strips, so that

P(X, < X X5, ¥1 <Y £Y,) =[Fyy (X5, ¥2) = Fyy (X0, YD)I = [Fyy (%05 ¥2) = Fxy (X415 V1)1

(2.3.7)
= Fyy (X2, ¥2) = Py (X, ¥2) = Fy (X2, Y1) + Fyy (%4, Y1)
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Figure 2.5 (a) Probability of a point falling within thextangle is described by the difference of those
of it falling within half-strip S1 (b) and half-strip23c), as per Eq. (2.3.7)
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2.4 Definitions and Classification of Uncertainty

Uncertainty can be defined as the potential defmjethat is due to the lack of
knowledge. In general, the uncertainty can be caisgd into four different types as shown

in Figure 2.6:

Types of Uncertainty

; l l l

Stochastic Informal Model Parameter
Uncertainty Uncertainty Uncertainty Uncertainty

Figure 2.6 Types of Uncertainty

Stochastic uncertainty (Moller, 2004) exists due pgoesence and change of
environments, operating interference, and acoegtictrical noise. In experiment, this
uncertainty can be described as a future dataddsanbot be predicted within reasonable
experimental error. An engineer or an analyst waykvith experimental data needs to run
an experiment several times to validate the exparial output. In most cases, an engineer
would notice a variation in the output at every exxment. This is due to the stochastic

uncertainty, considering that all the setup ofékperiment is held the same.

Informal uncertainty (Moller, 2004) results fronm anformation deficit. In other
words, informal uncertainty or subjective uncertgifAyyub, 1994) is based on the limited
insufficient information about the system and eiased assessment of engineering

structures.
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Model uncertainty is an uncertainty in the physicwdel. This kind of uncertainty
usually occurs when the physical model is usedraulipt the actual behavior of the real
structure. For example, simulating a plate girdém( and Stubbs, 1995), using finite
element methods, would produce model uncertaing/tduthe fact that choosing a specific
type of element in finite elements may not trulpnesent the real behavior of the structure.
Assuming an isotropic and perfectly clamped modelrépresent an isotropic clamped
cantilever beam can also generate model uncertdetpause in the real case, the beam
would not be perfectly clamped or isotropic. Sirfyptig assumptions about geometry of the
structure and physical behavior, in the procesdeotloping the physical model are another

examples of model uncertainty.

Parameter uncertainty is uncertainty about theahotalue of a parameter in the
mathematical model of the real system. Parameteertminty has no influence on the
physical model. After selecting the physical modiie parameters included in the
mathematical model, should be analyzed to detectutitertainties in these parameters. For
example, stiffness parameters of a real structamebe unknown (Kim and Stubbs, 1995), so
when considering the stiffness parameters in thénenaatical model, these parameters can

fall under the parameter uncertainty category.

2.5 Uncertainty Analysis

Methods including probabilistic methods, non-pralstic methods, moment
methods, stochastic differential equation methats,, are available for the mathematical

description and quantification of uncertainty
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Uncertainty models are gaining increasing impanaim engineering sciences, and
the intensive research in this field worldwide isusie sign of wider application in the future

(Moller, 2004). Developments so far are outline&igure 2.7:

Uncertainty Analysis

' l

Hdentification of Uncertainty Quantification of Uncertainty

;

Types of Uncertainty

' l '

T Non-
Probabilistic Possibilistic Probabilistic
Methody Methods :;»}e‘;h:):i’;u

l l

1- Interval Analysis
2- Sensitivity Derivatives

Fuzzy Logic

Y

Statistical Methods Non-Statistical Methods

; '

I- Moment Method
2- Stochastic Differential Equation Method

Monte Carlo Method

Figure 2.7 Uncertainty Analysis: Identification and Qufecation of Uncertainty

2.5.1 Identification of Uncertainty

The first step in uncertainty analysis is to idgnall the uncertainties from the
analyzed structure and to associate these undersainith the different uncertainty types

mentioned in the previous section.
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2.5.2 Quantification of Uncertainty

The goal of uncertainty quantification is to chaesize the effect that different types
of uncertainty have on physical experiment or nuca¢rsimulation output. Traditionally,
there are different classes of uncertainty analysthods corresponding to different ways of
characterizing the uncertainty in the input vamsblThese methods will be discussed in the

following sections.
2.5.2-1 Probabilistic M ethods

Probabilistic methods can be divided into "statadti and "non-statistical" methods.
Statistical methods use a large number of valuethefinput variables to calculate values
repeatedly for the output variables. A sampling hmodtis used to generate the input values
from a distribution. Statistics, such as the maah\ariance, of the output values can then be

calculated.

Non-statistical methods use an analytical treatroéthe uncertainty. Two examples
of these methods are the "moment” methods andHastic differential equation” (SDE)

methods, which will be discussed later.
A) Statistical methods
Basic Monte Carlo M ethod:

Monte Carlo methods, which are also called "sta@istsimulation methods", can be
loosely defined to include any method that utiliseguences of random numbers to perform
the simulation. Although they have been used fordneds of years, the name "Monte Carlo”

was given to these methods in 1944 by the growglitef mathematicians and physicists who
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were responsible for developing both the first atobomb and the first electronic digital

computers (Faragher, 2004).
The procedure for the basic Monte Carlo methodh@gthree steps:

1. For each input variable, a set of values igated by randomly sampling the known or

assumed probability density function.

2. For each set of random input data a deternumsathematical model is executed and the

output data are aggregated.

3. The statistics of the output data set (meananee, skewness, kurtosis, etc.) are used to

define its probability density function

It is important to note that while the Monte Cartethod converges to the exact
stochastic solution as the number of samples appesainfinity, the convergence of the
mean value estimate is slow because the standaiatida of the mean scales inversely with
the square root of the number of samples (Fara@®®4). Hence thousands or millions of
data samples may be required to get the requiredracy, and for each sample the

deterministic mathematical model used in step Pneid to be executed.

The basic Monte Carlo method is very computatignakpensive. To reduce the
computational expense, modifications of the basiontd Carlo method have been
developed. Two of the modified Monte Carlo methadscalled "Importance sampling” and
“Latin Hypercube Sampling". They are popular beeatley are easy to implement and
reduce the computation time while still providingetrequired accuracy in the particular

situations described below.

29



Importance Sampling Monte Carlo M ethod:

Importance Sampling is one of the variance-reducimadifications to the Monte
Carlo method. The fundamental idea is that the §agprocess is deliberately distorted or
biased (Faragher, 2004). Instead of taking sangilesndom from a PDF, a "sampling PDF"
is designed to take more samples from a regionmglortance. Importance sampling is
particularly valuable because the largest gainsparssible in some of the most difficult
simulation applications, those involving the sintiola of rare events. A sampling
distribution designed to take more samples in #ggon where events are rare reduces the

number of simulations required to observe an adequamber of such events.

Reduction in computation time of many orders of niagle is possible by using
Importance Sampling instead of the basic MontedCar¢thod with the same accuracy when
rare events are involved (Faragher, 2004). Unfateely, in applications that do not involve
rare events the design of the sampling distributan be very difficult with the result that

the Importance Sampling method may increase thelaion time or fail.
Latin Hypercube M onte Carlo Method:

In the Latin Hypercube sampling method the selectié sample points is highly
constrained (Faragher, 2004). This enables thistatatof the sample (mean, variance, etc.)
to resemble the statistics of the probability digniinction (PDF) being sampled with the
same accuracy for a smaller sample size than igreghfor the basic Monte Carlo sampling
method. For a single uncertain input parameteteatsof takingN samples at random from
the complete PDF, the range of probable valuesarsitipned intoN segments of equal

probability. That is, each segment correspondsiteqaial area under the PDF curve.
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The advantage of the Latin Hypercube sampling nteibdhat the random samples
are generated from all the ranges of possible galWhile this method ensures complete
coverage of the full range of the input parameteilses not give accurate information about

the tails of the output probability density funciso
Response Surface Monte Carlo M ethod:

Pratt & Whitney Inc. developed a probabilistic d@sisystem incorporating two
different methods depending on whether or not tbenguter codes being used were
computationally expensive to run (Faragher, 2064).the codes that could be run quickly
they used the Monte Carlo method of randomly varyhme inputs and calculating the mean
and variance of the calculated outputs. For codasrun slower, they used a second order
response surface model with Box-Behnken designrearpats, followed by a Monte Carlo
simulation. The Box-Behnken design experiments juse three values of each uncertain
input variable: low, nominal and high. With six iables the Box-Behnken design means the
computer code has to be run only 49 times. A seaud@r response surface regression
equation is then fitted to the output variablesrfrthe 49 runs. A Monte Carlo simulation is
simply performed by selecting a random sample vafugach input variable according to its
PDF, and then calculating the corresponding outmlties from the response surface

equation. Several thousand Monte Carlo samplebeavaluated in a very short time.

Random Number Generatorsfor Monte Carlo Simulations:

Generating "good" random numbers can be a majoblggn in Monte Carlo
Simulations. Many basic random number generatok&I& supplied with computers are not
sufficiently random. Even some RNGs with adequat@omness properties are not good
enough for Monte Carlo simulation because theiiogeof repetition is too small. The period
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must be much greater than the number of random ersnised in the simulation, or else the

results can be incorrect.

Multiplicative linear congruential generators (MLE@sing 32-bit integers have a

period of at mosp3? DlOlO(Faragher, 2004). This many random numbers carebergted

in a matter of seconds on a modern workstation.
B) Non-Statistical methods
Moment M ethods:
The moments of a probability distribution are igdining features.
* The first moment is the mean
* The second moment is the variance
* The third moment is the skewness
* The fourth moment is the kurtosis (peakiness)

A normal or Gaussian probability distribution isngoetely defined by its first two
moments, its mean and variance. Other types digtibty distribution are not so simple.
Moment methods ignore the higher order momentsagmioximate the probability density
functions, which characterize the uncertainty ie thput parameters by their first two

moments (Faragher, 2004).

Moment methods are very simple, convenient and lwidsed approximate methods
for estimating the moments of the output from tlemants of the uncertain input parameters
(Faragher, 2004). These methods are also calledirpation methods. These methods

involve some form of perturbation expansion in teraf random variables present in the
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problem, taken about a deterministic state (oftendane corresponding to the mean value of
these random variables). Among these, the firserosdcond moment method is based on the
truncation of the Taylor-series expansion of thedoan quantities after the terms involving

first-order partial derivatives with respect to ta@dom variables in the problem.
Stochastic Differential Equation M ethods:

Stochastic Differential Equation (SDE) methods enébeen used for structural
mechanics problems (Faragher, 2004). They provige ibhformation about the higher

moments of the results at less computational exptr@ Monte Carlo methods.
2.5.2-2 Non-Probabilistic M ethods
A) Interval Analysis.

In interval analysis, a pair of numbers represgntine maximum and minimum
values that the variable is expected to take repltite value of a variable. Interval arithmetic
rules are then used to perform mathematical operatvith the interval numbers (Faragher,
2004). While interval analysis has been applieccassfully to small problems, it has not
found practical application to large simulationscdigse the results it produces are too
conservative, i.e. it predicts the greatest posgiinicertainty in the output. Also, its ease of
implementation is out-weighed by the lack of infatman it provides compared with other

methods.
B) Senditivity Derivatives:

This deterministic technique has been in use fanymears. Its aim is to quantify the
sensitivity of the output to a variation in onetlo¢ inputs. In this way the total uncertainty in

the output is divided between the various sourdéasoertainty. It identifies which sources
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of uncertainty have a significant effect on thepotitand which sources can be ignored
(Faragher, 2004). As such, it is often a usefullipieary step performed before a

computationally expensive probabilistic uncertagtglysis.
2.5.2-3 Possibilistic Methods - Fuzzy Logic

Fuzzy logic can be used to estimate the uncertantythe output when the
uncertainties of the input parameters are chaizetéby membership functions. Fuzzy logic
calculates approximate behavior of the system usiodels based on inexact, incomplete, or
unreliable data. The membership function represer@siegree of membership of the fuzzy
variable within a fuzzy set. Uncertainty analysgng membership functions is sometimes
referred to as "possibilistic”, to contrast thigpagach with the probabilistic approach using
probability density functions to characterize theertainty in the input parameters. More
information about this technique can be found iaréigher, 2004). Although fuzzy logic is
appealing because of its simplicity, many aerospgmgications require a high level of
accuracy that makes it necessary to employ prababimethods wherever it is possible to

do so.

2.6 Conclusions about Quantification of Uncertainty

The basic Monte Carlo method provides the comptg@tamation about the higher
statistical moments of the results but it is vesynputationally expensive. In order to reduce
this expense modified Monte Carlo methods such asnLHypercube Sampling or

Importance Sampling have been developed.
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Moment methods are popular because of their lowpchational expense. They will
not give good results unless the probability disttion of the uncertainty in the input

parameters is close to Gaussian because they igrmtegher order moments.

Stochastic Differential Equation methods provide tlomplete information about the
higher statistical moments at less computationgleage than Monte Carlo methods.
Therefore, if this information is needed, and i tpproximation involved in the response
surface Monte Carlo method is not acceptable, th& $ethods are the best alternative

(Faragher, 2004).

Non-probabilistic methods are often a useful prelary step performed before a
computationally expensive probabilistic uncertaintgnalysis. Also, its ease of
implementation is out-weighed by the lack of infatman it provides compared with other

methods.

Although possibilistic methods are appealing beeawo$ its simplicity, many
aerospace applications require a high level of @oyuthat makes it necessary to employ

probabilistic methods wherever it is possible tasdo

2.7 Probabilistic Structural Health Monitoring using the M onte Carlo Simulation.

Due to the unavoidable uncertainties that are ptedan the physical models and the
parameters, and etc, the probabilistic framewoik tisol very well suited to handle the SHM
problem. Probabilistic method considering the utaiety issue is presented in this work. A
measure of the confidence level of the damage itmtas examined by taking uncertainties

into account.
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The probabilistic structural health monitoring pedure is explained in the following

steps:

Firstly, an elastic wave energy decay model forvevgropagating in plates is
established. The physical model imposes assumptinks simplifications. This model

uncertainty is modeled as a PDF.

Secondly, the stochastic uncertainty due to teegice and change of environments is

modeled as a PDF.

Thirdly, the least-squares method in conjunctiatihwihe Monte Carlo simulation for
each uncertainty and its interaction is appliedeaxtively search localized damage based on

elastic wave energy measurements.

Lastly, a probabilistic diagram for the locationtbé damage can be constructed using

the moments (mean, variance, etc) of the resuRD§ of the damage location.

In the mathematical equations, the location ofdamage is a nonlinear function of the
measured sensor data and the physical model. Siheemeasured sensor data and the
physical model are represented as a PDF, the docafi the damage is a PDF as well. In
order to generate the random numbers from a Gaus$d and to solve for the resultant

PDF of the damage location, the Monte Carlo sinarat used.

2.8 Development of the Elastic Wave Energy Decay M odel, M easurements, and the

M odel Parameters.

In order to obtain the reflected waves solely fraamages, the response wave signal

at each sensor is measured before and after damecagered. The pre-damage wave signals
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are subtracted from the post-damage wave signatsML be the number of sensond, be
the data length collected by each sensor and amydamage exits in the plate. Figure 2.8

shows the scheme of sensor and actuator deploymaiténthe damage location.

Sensor 1
Sensor 2 @)

O

O
Sensor M

Actuator

Figure 2.8 Scheme of sensor/actuator deployment and wnlaeimage

The signal received by each sensor can be modgledaag and Yuan, 2005):

xm(n)=ym“a°”(l:'__:m”_’), m=1,2,--,M,n=12,---,N (2.8-1)
m

where x_.(n ) then™ value sampled at the" sensor over time interval f;
f.is the sampling rate;
y..: Sensor gain factor of the" sensor;
p: The position vector of the damage;
r,: Cartesian coordinates of the senspr

a : Reflection factor or the initial amplitude at ttiemage;

a,(n—t,—7): Normalized reflected waveform from damage witit ppak-to-peak

value;

37



t..: Time delay from the damage to senspr
7 : Time delay from the actuator to the damage.

A B
C C

t (2.8-2)

m

9 9

whereryis a given vector denoting Cartesian coordinateshefactuatore, indicates the
group velocity and the operatpr| indicates Euclidean distance. It is worth of ngtthat

multiplying f, in Eq. (2.8-2) is because of the discrete timesictemation.

The excitation is a Hanning windowed sinusoid busginal governed by the
following function:

q(t) =P[H () ~H(t =N/ f)] x[1-cos@rfct/Np)]sin(27fct) (2.8-3)
where H(t )is the Heaviside step functiol jis the number of peaks of the loading afid
is the central frequency. In this study, =5, and f, =50 kHz are used.

The reflected waveform also has the same shapEga$2.8-1), thus we have
ap(t) =[H(t) —H({t - Np/fc)]x[1-cos@mfgt/Np)lsin(27zfgt) and the expectation of
a,(n), or even its delay, equals to zeroN i large enough.

E[ap(n)] =0, E[ag(n—tm—7x)] =0 (2.8-4)

The expectation of energy is calculated by avegpgiwver a time window = N/ f..

Denoting the scald[x> (n)] asy.,, the energy decay model can be expressed as:

2
o —erezmie LN o G N aay(n-t, —7) i
T = BB = XM == nz!{ PR } (2.8-5)

where g, = y2and note thagy(n—t,, — 7 i$ aNx1 vector.

38



In practice, y,,is the modeled energy which estimates the reflectade signals,
furthermore, the corresponding measurementyjsmay be viewed as the extracted

characteristic from the collected data atntiesensor.

In Eq. (2.8-5), we have two unknown variables @& ttamage location coordinates
and one unknown damage reflection factgrthat is, the three unknown parameters are
defined as

0={py p, a (2.8-6)

Since there are totally three unknown variablesetmeust be at least three or more

sensors reporting wave energy measurements to yieldt@éso

2.9 Development of the Probabilistic SHM using the Monte Carlo Simulation
To obtain the physical model that reflects the true Wehaf the real model, several

assumptions were made. These assumptions are shown below

1) Since the isotropic aluminum plate is tested, groupcugl is independent of wave

propagation direction because the isotropic aluminum gaesied.

2) The size of incipient damage is relatively smaltisat reflected waves from the damage

can be treated as a secondary wave point source.

3) Excitation wave signals are narrow banded and tkeiral frequencies are lower than the
cut-off frequency. Thus the dispersion effect is largedglected. All the excitation wave

signals are dominated by thg mode.
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Due to the last assumption and the strength of thaldigming inversely proportional
to the distance between damage and the sensor, an urtgarntghe physical model arises. A

Gaussian distribution function is used to model the unoéds in modeled reflected signal:

(8 Hqp)”

a, :1ﬁe_ 2, (2.9-1)
Gao T

wherey, is the mean ané, is the standard deviation.

The measured datg,, will be also modeled as a Gaussian distribution withesan
and a variance. This data will be treated as uncertam afad this is due to the fact that
during the experiment, changes in the environmental conditsuch as temperature and
humidity as well as the inaccuracy of the equipmestd will result in such an uncertainty.

Therefore, the PDF of,,, is:

_rmny,)?

1
Y = e 20y, (29'2)

In the mathematical model given in Eq. (2.8-5), the ibistion of the parameters,
0={px py o}, wilbe modeled as Gaussian PDFs.

These parameters are modeled as a Gaussian distridubiotion with an initial

mean and variance:

P, = e (2.9-3)
P (2.9-4)
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e 20 2.9-5
oz (2.9-5)

In order to conclude the different types of undatigs included in this work, Figure

a =

2.9 is developed:

Types of Uncertainty

; l l '

Stochastic . Model
Uncertainty: Informal Uncertainty: Parameter
v Uncertainty: ¥: Uncertainty:
measured hysical
5 (Not P (Not
data o model )
Considered) Considered)

Figure 2.9 Uncertainties included in this work

Due to the different uncertain variables mentiobetbre, Monte Carlo simulation is
used. The Monte Carlo simulation is an engineetiogl that enables us to perform
probabilistic analysis when many uncertain variabkere related through non-linear
equations. The Monte Carlo method is used to deterthe resultant PDF of the damage
location, which is dependant on the PDFs of the ehaghcertainty and the measurement

uncertainty. This procedure is represented in EigutO.
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p=g,.a,)

.
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P

Figure 2.10 Graphic representation of the problem of thegitistic analysis presented in
this work

For each random variable (uncertainty), 5000 sasn@te generated to model the
Gaussian PDF. For each set of random variablesteardinistic mathematical model is

executed and the output data are aggregated.

The mathematical model of the wave energy is:

2
- _ 9. N agy(n-t, 1) )
Ym(e)‘NEi =] } (299)

The distribution functioﬁm(e) is obtained using the Monte Carlo method as well.

In this thesis, a least-squares method uses thrgyenseasurement of the collected
elastic wave signals such that it uses all the ddtamation including the time-of-flight.
Furthermore, since the least-squares method igllmasactive diagnostic technique to obtain
the reflection waves, it is a promising methodtfoe application of SHM.

In the least-squares method, the PDF of the paeamét={p, p, o} are
iteratively updated to make the following error functionnestn the mean of the PDF of the

modeled record and the mean of the PDF of the measu@dedah its minimum:
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30) = % % [mear(Y,,) - mear(¥,, (§)) (2.9-7)

where Y, (6) is the PDF for the modeled wave energy ahdis the PDF for the measured

wave energy at sensor, respectively.

J(0) is then represented as a PDF as well using theévidatlo method:
_1M S 2
‘](e) - Z[Ym - Ym (e)] (29'8)
2 m=1
The gradient ofl(6 Yvith respect touis

930) - 54 ngw -y (e))—zM (2.9-9)
o 5 el

The gradient ofJ(6) with respect to the™ component of the PDF of the damage

coordinateyp can be expressed as

(mp_Pp)ag(n —tn—7)
[P-rf’

()
P

21122 O(Yim = m@%g{

P
(2.9-10)

2f (-t —7) ao(n tn—=17) fmp P.p+r0p

P
)
o P’ Pt [P-rg

where the subscriptp denotes thep™ component of coordinates and sub-prime is the
derivative with respect to its argument.
The above procedure leads to a so-called Gradient opiimnizdgorithm:

Gradient optimization algorithm
Initialization:

Initial mean and variance values for damage positifp}s and

damage reflection factorg
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Initialize mean and variance values f¥f,

Initialize mean and variance values for the model uncertainty

0J(0)
Jda.

0J(6)

After initialization, and 3P will be calculated.

P

Then for the next iteration the PDFs will be updats

0J(0)

f@) " =1(@) -, &

(2.9-11)

0J(0)

2.9-12
3P ( )

f )™ =t )" ~¢,
P

where ¢, andg¢,are positive scalars called step size.

Repeat until convergence
Calculate Eqg. (2.9-9) and Eg. (2.9-10)
Update Eq. (2.9-11) and Eq. (2.9-11)

The convergence criterion is given by
|mear(P(;™) - mear(P)]| < 0.0001 (2.9-13)

In order to find the probability of the damage lo@a in a certain area, the joint distribution
function of P,and P is calculated. The theoretical development in $ec2.3 has been
used to calculate the probability of the damagéiwia certain area. The plate is divided into

grids of size 0.5 cm along theaxis and 0.5 cm along theaxis. This results in 14400

rectangular areas (See the Figure below).
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60 cm

60 cm

Using Eq. (2.3.7), the probability of the damag@davithin every single are@25cn?) is
found. The analysis is performed by taking the 50@@rdinates from the resultant PDFBf

and calculating the probability of every singlemtdo fall within every area.

As a conclusion, the idea of the Monte Carlo teghaiis to randomly pick values
from the uncertain parameters and the uncertairsuned and modeled data such that the
histogram of the chosen values approximates a HD&.Monte Carlo process consists of
sampling the uncertain parameter and the uncetttda values from the assumed uncertainty
distributions and running the simulation code facte set of values. This procedure of the
identification of uncertainty can therefore be vlvas nothing more than a multiple runs of

a deterministic computer program.
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3 Simulation and Experimental Results

3.1 Simulation Results and Discussion

The simulation results of a single damage locabrabased on the probabilistic least-
squares method are illustrated as follows. The mium plate (A1-6061) used in this study
and its material properties are listed in Table e central frequency of the excitation
signal is set at 50 kHz, which is less than th& fiut-off frequency such that only the lowest

flexural wave exists. The group velocity corresponding to 50 kHz is 2107 m/s.

E v p h Dimension
(GPa) (kg/nT) (cm) (cmxcm)
72.0 0.3 2730 0.32 152.4x152.4

Table 3.1 Material properties and geometry of Al-6061 plate

In order to generate the simulated wave signalivedeby each sensor, a finite
difference algorithm based on Mindlin Plate the@ysed to synthesize the waves in the
aluminum plate (Lin and Yuan, 2001). 800x 600 finite difference mesh is with uniform
square grid spacAx = Ay = 254mmsuperimposed on the plate region. The thickneskeof
plate is 0.32 cm. The origin of the coordinate eysts set at the center of the plate. A

damage is modeled located at (20,10) cm. The mamage is modeled as a material with
%6 the value of the bending stiffness for the undaadagjate. In addition, four sensors are
located at (-30, 30) cm, (30, -30) cm, (30, 30)amd (-30, -30) cm. The parameters of the
excitation signal are set &, =5, and f, =50kHz. Note that the origin of the coordinate

system is at (0,0). Figure 3.1 displays the sinmglatamage reflected wave signals received
at four sensors by using the finite difference atgo.
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Figure 3.1 Simulated reflected wave packs from the damaigg finite difference method

The influence of the level of uncertainty on theuleng PDF of the damage location
is studied. Changing the standard deviation ofRB& changes the level of uncertainty. A
standard deviation that is equal to 0.1 (or 10%mmfertainty) demonstrates a low level of
uncertainty, whereas a standard deviation thaigisaleto 1 demonstrates a high level of
uncertainty (Vanik, 1997). Several simulations degeloped to study the effect of changing

the level of uncertainty on detecting the damagation.

In order to detect a single damage locating at {8) cm, the minimum number of
sensors that should be used is three (Wang, 260ghre 3.2 shows the final localization
results and the performance of searching for the-$ensor setup. Compared with three
sensors case, the searching procedure will speednugrkably when four sensors are used.
However, more sensors may also add up the compuo#hticost of the optimization

algorithm. There is a trade-off between the numlmdrsensors and computational cost.
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Generally the former effect is dominant, thus tlenher of sensors should be somewhat
larger than the necessary number of sensor inpipiecation of real -time damage detection.
Figure 3.2 shows a plot of the different searchiages with different initial guess
positions. This figure shows the result of zercelesf uncertainty. Zero level of uncertainty
corresponds to a deterministic method that is wsed base for estimating the damage
location with different degrees of uncertaintiebeTtargeted damage location is at (20, 10)
cm. The method converges to a damage position,(18.2) cm, which makes the difference
between the actual damage location and the estntitmage location to be 1.6 cm. From

this result, it can be seen that this method hadast performance and good convergence.

405
Sensor 4 ; Sensor 3
30 © . : @
20 fooeed
100 Damage 1
g Actuator
o 0
N’
)
10+
(o L SRS SUORON SRS
Sensor 1 Sensor 2
_30 = O ................... O ..................
401}
I L L L 1 I L L L
-40 -30 -20 -10 Q 10 20 30 40
X (cm)

Figure 3.2 Simulation results of damage localizatiorebgt-squares method

In order to study the sensitivity of the damagmlzation to the stochastic and model
uncertainty, different levels of model and stocitashcertainties are analyzed. Figures 3.3,
3.4 and 3.5 show the probability distribution, th&tograms and the PDFs for different levels

of model uncertainty and zero stochastic uncertaitom the mean of the PDFs, it can be
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noticed that the estimated damage location with %886 and 20% model uncertainty is

respectively at (18.4, 10.3) cm, (18.3, 10.3) cr €k8.3, 10.6) cm., which is very close to
the damage location obtained from the determingtiglysis. Thus, the mean of the PDFs,
which corresponds to the damage location with igbdst probability, is not very sensitive

to the model uncertainty. In contrast, as the lefelhe model uncertainty increases, the
standard deviation of the PDFs widens. Therefonereasing the level of the model

uncertainty, the damage can be estimated in a widgion (Less confidence level).

Consequently, we can conclude in this problem that model uncertainty affects the

standard deviation of the PDF. Therefore, uporeasing the level of the model uncertainty,
the standard deviation increases and thus the damag be estimated with a lower

probability (less confidence level).

Figures 3.6, 3.7 and 3.8 show the probability digtion, the histograms and the PDFs
for different levels of stochastic uncertainty a@to model uncertainty. From these figures,
it can be noticed that the estimated damage withs&$¢hastic uncertainty is at (17.5, 9.6)
cm. The estimated damage location with 10% and 2@hastic uncertainty is at (17.1, 9.0)
cm and (15.8, 8.1) cm, respectively. From the nadahe PDFs, it can be noticed that as the
level of the stochastic uncertainty changes, thamand the standard deviation of the PDFs
change. This shows that the stochastic uncertaitgys the mean and the standard deviation
of the resultant PDF. By increasing the level &f stochastic uncertainty, the mean of the
PDF is shifting away from the actual value of tbealttion of the damage. In addition, the
standard deviation increases as the level of thehastic uncertainty increases, resulting in a

less confidence level about the location of the atggn Consequently, we can conclude that
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the damage localization is more sensitive to thechsistic uncertainty than the model
uncertainty.

Table 3.2 summarizes the different level of stotbaend model uncertainties that has
been used in this analysis as well as the resulishmshow that the damage localization is
more sensitive to the stochastic uncertainty themtodel uncertainty. In addition, Table 3.2
shows the difference between the estimated damagatidn with different levels of
uncertainty and the actual damage location. Frasehesults, it can be noticed that the as
the level of uncertainty increases, this differeme@eases. Comparing the differences that
are caused by the stochastic uncertainty and tleelhamcertainty, it can be noticed that the
difference is much larger for the stochastic uraety. This proves that the damage

localization is more sensitive to the stochasticautainty than the model uncertainty.

Standard Difference ((.:m)
Stochastic Model Estimated Damage Deviation between the estimated
Uncertainty | Uncertainty Location (cmj) (G..G,) damage and the :.u:tual
(cm)y damage location
(20, 10) cm
0%% 5% (184,103} (07,07 16
0%% 10% (183,103} (14,123 17
Level of 0% 20% (18.3,10.6) (2.3,2.1) 1.8
Uncertainty 5% 0% (17.5,9.6) (05,03 2.6
10% %% (17.1,9.0% (16,107 31
20% 0% (15.8,81) (2.3, 1.6) 4.6

Table 3.2 Influence of the level of uncertaintiesiamage Localization (Simulation
Results)

For all different levels of model uncertainty (5%0%, 20%), the deviation (of the
estimated damage location) from the actual damagatibn remains small. Therefore, the
results are acceptable compared to the dimensibttseplate 152.4x152.4x0.32&nThe
same conclusion holds true for 5% and 10% stoahasicertainty. For 20% stochastic
uncertainty, engineering judgment is needed to dramclusions about the results.
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Figure 3.3 Simulation Results: Probability distributionhef tlamage location with different levels of
model uncertainty
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Figure 3.4 Simulation Results: Histograms and the Gaugsabability density functions g, with

different levels of model uncertainty
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Figure 3.5 Simulation Results: Histograms and the Gaugsabability density functions qd, with
different levels of model uncertainty
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Figure 3.6 Simulation Results: Probability distributionhef tlamage location with different levels of
stochastic uncertainty
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Figure 3.7 Simulation Results: Histograms and the Gaugsabability density functions g, with

different levels of stochastic uncertainty
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Figure 3.8 Simulation Results: Histograms and the Gaugsabability density functions qd, with
different levels of stochastic uncertainty

In the next set of figures, the interaction of modad stochastic uncertainty is
studied. Table 3.3 presents different levels of shechastic and model uncertainty and

corresponding results.
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Estimated Standard b tDliTEl;nlalnce f:":m)t d
Stochastic MModel Damage Deviation dE ween ;:}: 1m: El
Uncertainty | Uncertainty| Location (G..C.) amage anc te 5.1-: ua
¥ damage location
(cm) (cm)
{20,10) cm
10%% 5% (16.9,9.1) (2.0,1.3} 33
Q u)
Level of 5% 10% (17.5,9.7) (1.6,1.3} 2.5
. 20%% 10% (14.9,8.7) (4.1,2.9% 5.3
Uncertainty
10%% 20% (16.5,9.3) (3.1,2.5) 335
20% 20% (14.9, 3.6) (3.9,3.1) 5.3

Table 3.3 Influence of interaction of two differentdenof uncertainty (Simulation Results)

Figure 3.9 through Figure 3.11 show the probabdistribution, the histograms and
the PDFs for different levels of stochastic and elodncertainty. When the level of
stochastic uncertainty is 10% and the model unicgytas 5%, the estimated damage is at
(16.9, 9.1) cm. The deviation of this estimated agenfrom the actual damage is 3.3 cm.
When the level of the stochastic uncertainty is &3d the model uncertainty is 10%, the
estimated damage is at (17.5, 9.7) cm. The deniatidhis estimated damage and the actual
damage is 2.5 cm. By comparing the above resultscare notice that the stochastic
uncertainty has a higher influence on the damagalikation than the model uncertainty.
This is due to the fact that when the level of shechastic uncertainty is higher than the
model uncertainty, the difference between the edBch damage location and the actual
damage location is higher as well as the standawhton. As mentioned in the previous
analysis, when the standard deviation increasescdinfidence level decreases. The same
conclusion can be drawn from the (20% stochastoerainty, 10% model uncertainty) and

the (10% stochastic uncertainty, 20% model uncgstai

For all the cases that the level of uncertaintigss than 20%, the difference between

the estimated damage location with different levaflauncertainty and the actual damage
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location is still acceptable compared to the dinwmsof the plate. Engineering judgments is

needed to draw conclusions if the difference i®ptable or not for the 20% case.

a0 20 -10 ] 10 20 30 a0 20 -10 0 10 2 30
10% Stochastic and 5% Stochastic and
5% Model Uncertainty 10% Model Uncertainty

30 20 -10 0 10 20 a0 30 20 -0 0 10 2 Y
20% Stochastic and 10% Stochastic and
10% Model Uncertainty 20% Model Uncertainty
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Figure 3.9 Simulation Results: Probability distributionhef tlamage location with different levels of
stochastic and model uncertainty
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Figure 3.10 Simulation Results: Histograms and the Gaupsabability density functions qb,
with different levels of stochastic and model ureiety
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Figure 3.11 Simulation Results: Histograms and the Gaupstbability density functions gb,,
with different levels of stochastic and model ureiety
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3.2 Experimental setup

In this section, the probabilistic approach and lg@st-squares method is performed
on measured voltage signals to validate its cajpyabil damage localization and studying the
sensitivity of damage localization on the model abolchastic uncertainty. An aluminum
plate Al-6061 with dimension 91x91x0.32¢tim prepared and two circular rare-earth magnet
stones with diameter 1.2cm are put on both sidébeoplate at (-10, -10) cm to simulate a

damaged area. The material properties and the ggoai¢he plate are listed in Table 3.4.

E v p h Dimension
(GPa) (kg/nT) (cm) (cmxcm)
72.0 0.3 2730 0.32 91x91

Table 3.4 Material properties and geometry of Al-6061 pExpériment)

A pair of PZT disks (Navy Type Il PKI502) are moedton upper and lower sides at
the central point of the plate to act as an actumtd the other four pieces of PZT disks are
bonded near the four corners of the plate. Notettigadiameter of PZT sensor is 6.4mm and
the thickness is 1.57mm. The experimental setughasn in Figure 3.12 consists of a HP
33120A function generator, a Tektronix TDS 420Aitdgoscilloscope, and a computer
connected through a GPIB interface. The HP 3220%tian generator is used to generate a
50 KHz five-peaked signal. The signal is sent toSAROA oscilloscope and K-H7602
amplifier. The sampling rate of TDS420A is set &0l81z. The peak voltage of the
excitation signal from the amplifier is kept #0V, which translates into an electric field
intensity of about 31.25V/mm, below the maximum ragpiag field of 300V/mm. Then the
response signals measured by sensors are dispdangkdtored in the digital oscilloscope.

Finally, the computer obtains the collected date@PIB interface and runs the probabilistic
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approach and the least-squares algorithm to estithatdamage location. Figure 3.13 shows

the reflected wave signals from damage receivetthdyour sensors.

K-H 7602 HP 33120A TDS 420A
Power Function Digital
Ampllfli Generator Os-cllloscope
= el ] ==
o | [[ITTRENE = ==
I
Switch | GPIB
(DgEgusgugn) bus
A .
I - ="
Sensor 4 Sensor 3 —
(-30,30)cm (30,30)cm PC
g
< Actuator
5 (0,0)
X
Damage
(-10, -10)cm
)
Sensor 1 Sensor 2
v (-30,-30)cm (30,-30)cm
L 91.4cm -

Figure 3.12 Experimental Setup for Damage Lodaliza

Sensor 4 MWANMN“M‘WVVV\#W\{V\/WM’\I\/VS
Sensor 3 W‘WMM‘NN\/VV\/WNV\/\/WW\N\A'\[\/\/\/WWV\
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Figure 3.13 The reflected wave signal recdbyedach sensor
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3.3 Experimental Resultsand Discussion

To validate the simulation results, the same amlis preformed on experimental
data (Wang, 2004). Figures 3.14 and 3.15 show lkits pf the different searching traces
(three traces in each figure) with different ifittauesses with zero level of uncertainty. The
targeted damage location is (-10, -10) cm. The atetlonverges to a damage position (-10, -
8.8) cm, which makes the error between the actaahage location and the estimated
damage location to be 1.2 cm. From this resultait be seen that this method has a robust

performance and is validated through experimeetallts.

40
Sensor 4 Sensor 3
Al ] : ; &
20+
10
= Actugtor
€,
=
A6l rmage 1
g
Sensor 1 Sensor 2
a0 @ @
-40
1 Il 1 1 Il 1 1 i
.40 -30 =20 ] 0 10 20 30 40
¥ {cm)

Figure 3.14 Experimental results of damage lodadinaby least-squares method
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Figure 3.15 Experimental results of damage lodadinaby least-squares method

The test was performed in the controlled laboratmyironment, to accommodate the
field environment. Figures 3.16, 3.17 and 3.18 shitw probability distribution, the
histograms and the PDFs for different levels ofls&stic uncertainty. The estimated damage
with 5% stochastic is at (-8.8, -8.4) cm. The eated damage location with 10% stochastic
uncertainty and 20% stochastic uncertainty is &3(--7.9) cm and (-7.6, -7.1) cm,
respectively. From the PDFs, one can conclude Wian the level of the stochastic
uncertainty changes, the mean and the standardtaevof the PDFs change. Similar to the
simulation results, the stochastic uncertainty &asinfluence both on the mean and the
standard deviation. Also, from the results, one daduce that as the level of stochastic
uncertainty increases, the estimated damage locateviates from the actual damage
location.

Table 3.4 summarizes the different level of stotbasicertainties that has been used in

the experimental analysis as well as the resudiisittake good agreement with the simulation
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results. Table 3.5 shows the difference betweershenated damage location with different

levels of uncertainty and the actual damage lonatio

Standard . tDlﬂErt;n':E E‘_:m)t .

Stochastic | Estimated Damage | Deviation dE WEEn ;:}: 1m: El

Uncertainty Location (cm) (G..G.) amage and the 5.1-: ua

(j-E:m)y damage location
{-10,-10) cm
9 - -

Level of 2% (-8.9,-8.3) (0.6, 0.6) 2.0
Uncertaint 10% (-8.4,-8.0) (1.2,1.2) 2.7
| oo (-76,-71) (2.2,2.1) 37

Table 3.5 Influences of the level of stochasticautainty on Damage Localization
(Experimental Results)

For all the different levels of the stochastic utaiaty (5%, 10%), the difference
between the estimated damage with 5%, 10% uncsrtand the actual damage location is
low. Therefore, the results are very acceptablepevad to the dimensions of the plate
91x91x0.32crh For 20% stochastic uncertainty, engineering jueigimis needed to draw

conclusions about the results.
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Figure 3.16 Probability distribution of the damage locatuth different levels of stochastic
uncertainty
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To validate the simulation results, the analysisaifing 5%, 10% and 20% stochastic
and model uncertainties at the same time has hiadied again using the experimental data.
Also, this analysis has been done to prove thelgsion that has been drawn previously,
which states that the damage localization is mensifive to the stochastic uncertainty rather
than the model uncertainty. Table 3.6 presentdifierent levels of stochastic and model

uncertainty and the corresponding results.

Standard ) tDlITEl:;}nce S:m)t .

Stochastic LIodel Estimated Damage Deviation dE Ween ;:; 1m: El

Uncertainty | Uncertainty Location (cm) (G_.G.) amage an ¢ :.1(: ua

(im)}’ damage location
(-10, -10) cm
10% 5% (-8.8, 7.9 (18,17 2.4
Q o, - -
Level of 5% 10% (-9.0, -8.6) (19,19} 1.8
. 20%% 10% -7.7,-7.1) (2.9,2.8) 37
Uncertainty

10% 20% (-9.0,-8.0) 3.6,3.5) 2.2
20%% 20% (-7.7,-7.3) (3.9,3.8) 3.5

Table 3.6 Influence of the interaction of two differkimds of uncertainty (Experimental Results)

Figure 3.19 through Figure 3.21 show the prolgidlistribution, the histograms and
the PDFs for different levels of stochastic and elodncertainty. When the level of
stochastic uncertainty is 10% and the model uniceytzgs 5%, the estimated damage is at (-
8.8, -7.9) cm. The deviation of this estimated dgen&om the actual damage is 2.4 cm.
When the level of the stochastic uncertainty is &3d the model uncertainty is 10%, the
estimated damage is at (-9.0, -8.6) cm. The difiszebetween this estimated damage and the
actual damage is 1.8 cm. By comparing the abowdtsee can notice that the stochastic
uncertainty has a higher influence on the damagalikation than the model uncertainty.
This is due to the fact that when the level of shechastic uncertainty is higher than the
model uncertainty, the difference between the edBch damage location and the actual

damage location is higher as well as the standawihdon. As mentioned in the previous
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analysis, when the standard deviation increasescoinfidence level decreases. The same
conclusion can be drawn from the (20% stochastoerainty, 10% model uncertainty) and

the (10% stochastic uncertainty, 20% model uncgstai

For all the cases that the level of uncertaintigss than 20%, the difference between
the estimated damage location with uncertainty dnedactual damage is less than 3 cm.
Compared to the dimensions of the plate, the esuét acceptable. Engineering judgments is
needed to draw conclusions if the difference iptable or not for the 20% case. Therefore,
the simulation results are valid because the exptal results matched the simulation
results very well. Note that the damage shape weslar with a diameter equal to 1.2 cm.
So, the estimated damage in here does not corrédpothe center of the actual circular
damage. It corresponds to the edges of the ciedause the measured signals are reflected

from the edges of the damage.
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Figure 3.19 Probability distribution of the damage locatuith different levels of stochastic and
model uncertainty

75



Probability

0.035}

0.3+

00251

0021

0.015+

001}

0,005+

Probability

ean: -8 8305

Sd: 1.766

10% Stochastic and
5% model Uncertainty

Probability

iean: -7.674

0.03:

S1d: 2.8157

0025+

002+

0.015+

Qo

0,005}

20% Stochastic and
10% model Uncertainty

P-robabillr-y

5% Stochastic and
10% model Uncertainty

0.03;

Mean:-9.0429
Std: 3.6403
0.025+
0.02- 4
0.015-

0.01;

10% Stochastic and
20% model Uncertainty

76



0.035
fiean: -7.6848

0.3+

Std: 3.6788

0.025+

Probability

0.015+-

001+

0,005

"
Py

20% Stochastic and

20% Model Uncertainty
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4 Conclusions

The ultimate objective of establishing Structuraalith Monitoring (SHM) system is
to continuously monitor and assess the statuseointiegrity of a structure or its components
with a high level of confidence and reliability. eneral, the common techniques employed
in SHM for monitoring structures and detecting dgescan be divided into two categories:
(1) vibration-based approach and (2) wave-basedoapp. Since wave-based approach can
provide better local health status information da$ higher sensitivity to damages than
vibration-based approach, this thesis focuses omda localization of plate structure using

wave-based approach.

The need for structural health monitoring that sak#o account the stochastic and
model uncertainty in the problem and lends itseflwo in-situation application motivates
this work. The method presented in this work oat@s from the wave-based approach and
considers the uncertainty effects aiming at answethe following question in a probabilistic

method:

Based on the sensor data, and acknowledging thertamaty in the problem, what is

the probability that the damage occurs at a cerfarration in a structure?

In order to answer the above question, probatmlggscriptions for different types of
uncertainties are needed. The Monte Carlo simulaio capable of generating random
numbers from a Gaussian distribution. The MonteldCanethod is used to model the
probability density function for each uncertaintyioteraction of uncertainties. Finally the

resulting PDF of the damage location is obtained.g¢ach sample generated from the Monte
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Carlo simulation, a least-squares method is applederatively search for the damage

location based on elastic wave energy measurements.

Based on the efforts described in this work, a remalb conclusions can be drawn:

A framework that accounts for uncertainty for trearmége localization in a

structured fashion is successfully developed.

The Monte Carlo simulation is very suitable for ratialy uncertainties when
dealing with statistical analysis. The Monte Casimulation appears to be
the only universal method that can provide accusatieitions for many
problems. The major advantage of the Monte Cartoukition is that
accurate solutions can be obtained for any problgmse deterministic
solution is known. The only disadvantage of the Mo@arlo simulation is
that it is generally time consuming. Other methalsh as the Latin

Hypercube, which are more computationally efficienay be used.

The probabilistic approach is capable of showing ¢fffect of the level of
uncertainties on the damage localization. The tesHow that the damage
localization is more sensitive to the stochasticeutainty than the model
uncertainty. This implies that the elastic waveergy decay model is

accurate and robust.

The key aspect of the probabilistic approach is rtheimization of false-
positive and false-negative indicators from the agenlocalization process.

False- positive refers to the situation where damagndicated when in fact

81



none is present. False- negative refers to thatsitu where damage is not
indicated, even though it is present. The falsenalean be minimized by

analyzing the probability distributions of the dayedocation.

The method is an active damage detection techniglieh is suitable for the

applications of SHM.

The method uses the all time series data informatidlected by each sensor
not only the time-of-flight or time of arrival. Fmo the experimental and
simulation results, it was shown that the estimata&ashage location by least-

squares method makes good agreement with the edrtpetation.
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