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ensure high reliability of engineered systems throughoeir thfecycles while
accounting for both the manufacturing variability and est&in operational

conditions.
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that is able to proactively adjust their functionimmgaivoid potential system failures,
this dissertation attempts to adaptively manage enginegstdm reliability during
its lifecycle by advancing two essential and co-relagsgarch areas: system RBDO
and prognostics and health management (PHM). System RBBgDres high
reliability of an engineered system in the early desi@ge, whereas capitalizing on
PHM technology enables the system to proactively atamiidres in its operation
stage. Extensive literature reviews in these areas ideweified four key research
issues: (1) how system failure modes and their intenagtcan be analyzed in a
statistical sense; (2) how limited data for input manufacg variability can be used
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Chapter 1: Introduction

Failure of engineered systems may cause significamo@sic and societal losses.
Although today U.S. industry spends more than $200 billiah g@ar on reliability
and maintenance [Mobley, 2002], catastrophic unexpected filfeengineered
systems still take place. The 1-35W bridge collapse imndapolis, MN in 2007
offers a good example, in which thirteen people lost theds, more than 100
vehicles were damaged, emergency costs totaled $8 maliwhsocietal costs totaled
over $50 million. Growing costs incurred as a result pétem failures and
increasingly intense competition from global marketpase a great challenge for
design engineers, who have to develop reliable enginsgstdms that can be cost-

effectively operated throughout their lifecycles.

1.1 Background and Motivation

To ensure the reliability of engineered systems and avdehpal losses caused
by failures, tremendous efforts have been made to ddsgsystems with a desired
reliability level in the presence of uncertaintiestsas manufacturing variability and
uncertain operational conditions. As a result of the$lerts, the probabilistic
engineering design framework, called reliability-based desmgimization (RBDO),
has been developed to ensure high reliability of enginegret@mns design under
manufacturing variability. Most RBDO practices haveocarted for uncertainties in
manufacturing processes (e.g., material properties andegaomolerance), but these

practices very rarely account for operational condgio



There are two fundamental deficiencies of RBDO whensitused as an
engineered system design tool. Firstmost engineering design practices, the amount
of data for system uncertainties is lacking in ordemptecisely model them with
statistical distributions. This lack of data is uspalle to limited resources (e.g.,
time, budget, facilities). It is extremely difficulb account for uncertainties with the
dearth of data in the existing RBDO framework. Secdhd, information about
operational uncertainties could be completely unknovimervthe RBDO process is
executed Because of these deficiencies, it is almost impasgibl maintain high
reliability of engineered systems throughout their entfecycle. As a result, system
owners have to pay significant maintenance expenseés.thius crucial to develop
adaptively reliable (or resilient) engineered systemsptevent potential failures
throughout their lifecycles.

The concept of resilience comes from research in oggpl economics,
organizational science, psychology and other fields. iliRas systems possess an
intrinsic ability to sense and adjust their functionprgr to or following changes and
disturbances, so that they can continue to function glaimd after a disruption or
major mishap, and in the presence of continuous streBeeshuman body offers a
good example for its capability to sense environmentapéeature changes and
make appropriate decisions to avoid potential risks due settleanges. Resilience is
a proactive concept and looks for ways to create presehlat are robust yet flexible,
to monitor health conditions, and to use resources prefctin the face of
disruptions or ongoing changes. Compared with engineesteinsy, natural systems

have attractive resilience features such as theyatnlitleal with potential threats with



optimally designed functionalities, and natural, innéneeural systems for sensing
and reasoning.

To develop an engineered system with resilience feataresw system design
framework must be established. This design framework drendble the design of
reliable systems amidst the uncertainties brought abomdnufacturing processes,
and it should enable the design of intelligent sensinghaatth reasoning capabilities
to proactively account for potential failures induced byceautain operational
conditions. Given the deficiencies of the existing RBD®thodology, there is a
strong need for further technological advancement thables the development of
resilient engineered systems. On the other hand, signiftechnological advances in
sensing have promoted the use of large sensor networls3 {&Monitor structural
system health conditions and have helped the developrh@nbgnostics and health
management (PHM) technologies to predict system rentpinseful lives (RULS).
These advances make it possible for designh engineelsvelop engineered systems
with embedded health prognostics capabilities, which endidesystems to be
proactive against potential failures in the operatioradest Despite the tremendous
advances in sensing and structural health prognostics, telclympraaches have been
application-specific. This necessitates the developmwieatgeneric PHM for resilient
engineered system design, which is the objective of tbsedation.

Technical developments in both system RBDO and PHM fatlilitate the
establishment of a new resilient engineered systemgrdeBamework. This
framework will produce adaptively reliable (or resilieet)gineered systems in the

presence of uncertain operational conditions. It is egoethat a system designed



under this framework will be in the presence of manufamg variability and

uncertain operational conditions.

1.2 Research Scope and Objectives

The main objective of this research is to advance tweentsl and co-related
research areas for a resilient engineered systemndesigtem RBDO and PHM.
System RBDO will ensure high reliability of engineeredtsyns early in their
lifecycles, whereas capitalizing on PHM technologythatir early design stage can
transform passively reliable (or vulnerable) system® iadaptively reliable (or
resilient) systems while considerably reducing their Yitde cost. This design
framework will therefore shift the design paradigm froefiability- to resilience-
driven system design.

To achieve this objective, four key research challengest nbe carefully
addressed: (1) how system failure modes and their inimactan be analyzed in a
statistical sense; (2) how limited data for input manufacg variability can be used
for RBDO; (3) how sensor networks can be designed ta@tefédy monitor system
health degradation under highly uncertain operational itond; and (4) how
accurate and timely remaining useful lives of systemsbeapredicted under highly
uncertain operational conditions. To make an engineeystéra resilient, system
reliability first needs to be ensured during the design amilfaeturing stage. Thus,
technical developments in the system RBDO area focugproducing a reliable
engineered system considering multiple system failure shaated interactions,
manufacturing variability, and uncertain operationaldibons. Research questions

(1) and (2) are thus addressed through system RBDO. Agjareered system enters



its operational stage from the design and manufactutaggesit could be vulnerable
due to uncertain operational conditions as well as slstem performance
degradation. Thus, technical developments in the systeldl Rrea focus on
designing an engineered system to be adaptively reliableparattive to system
failures during the operational stage through monitorinthefsystem performance
degradation and predicting the system’s remaining usdéulThe third and fourth
research questions in this dissertation are thus addrissedh system PHM.
The scope of the work in this dissertation is theeefor develop the following
research solutions to address the challenges discussesl abo
Research Solution 1: Complementary intersection naetlBGIM) for system
reliability analysis:
The CIM presented in Chapter 3 enables system reliapilégiction regardless
of system structures (series, parallel, and mixed sy3terhe CIM expresses the
system reliability in terms of the probabilities oftimnovatively defined ClI-
events based on the proposed probability decompositiearyth This theory
allows the use of advanced reliability analysis methdmts evaluating the
probabilities of the Cl-events. The CIM has a geneedlisystem reliability
analysis framework, which employs a new System Streatatrix (SS-matrix)
and the Binary Decision Diagram (BDD) technique. The S8kn& used to
present any system structure in a comprehensive nfatmx. Then the BDD
technique, together with the SS-matrix, automates theepsoto identify the
system’s mutually exclusive path sets, of which each g&itls a series system.

Research Solution 2: Bayesian approach to RBDO:



To address one of the deficiencies of the RBDO, Bagasifarence is integrated
with RBDO, referred to as Bayesian RBDO. Given thaertteof uncertainty data,
reliability is modeled with a beta distribution based oayésian binomial
inference, and a Bayesian reliability measure is défivesed on a user-defined
confidence level. With the defined Bayesian reliabilitgasure, Bayesian RBDO
can be generally used for engineering system desigheinpresence of both
aleatory and epistemfcuncertainties.

Research Solution 3: Sensing Function Design for Straldtlealth Prognostics:
To optimally allocate sensing units on the structuratesys for monitoring
system degradation and making the systems resilient agaitesitial failures, a
generic SN design framework is developed using a novettdbikty measure.
The detectability measure is defined in a probabilistic mana quantify the
performance of a given SN as evaluated by the detectadnilélysis. The generic
SN design framework is formulated as a mixed-integer mneati programming
problem using the detectability measure. Heuristic algoritko) as the genetic
algorithm (GA), are employed to solve the SN desigmapation problem. This
design framework can be used for designhing a cost-effe@iNefor structural
health monitoring and prognostics while achieving a desireld degectability
level.

Research Solution 4: A Generic Probabilistic HealibgRostics Framework:

! Aleatory uncertainty, also referred to as irreduciblgective, or stochastic uncertainty, describes the
inherent variability associated with a physical systeranvironment.

2 Epistemic uncertainty can be classified as subjeaiidbreducible uncertainty due to the lack of data
or knowledge about a quantity [Helton et al. 2008].



The generic framework presented in this dissertatiorblesastructural health
prognostics with input sensory signals for any type aficstiral system. This
generic framework is composed of four core elements ¢eneric health index
system with a physics health index (PHI) and a virteallth index (VHI), (i) a
generic offline learning scheme using the sparse Bayesiamihg (SBL)
technique, (i) a generic online prediction scheme usingilagiby-based
interpolation (SBI), and (iv) an uncertainty propagatiowap for prognostic
uncertainty management. The VHI enables the use of lgete@ous sensory
signals; the sparseness feature, employing only a fewhlmmimg kernel
functions, enables the real-time prediction of remnginuseful lives (RULS)
regardless of data size; the SBI predicts the RUL$ wiickground health
knowledge obtained under uncertain manufacturing and opefatonditions;
and the uncertainty propagation map enables the predictes RiUbe loaded

with their statistical characteristics.

1.3 Dissertation Overview

The dissertation is organized as follows. Chapter 2 wesvide current state of
knowledge on RBDO and PHM. Chapter 3 presents the definibbna
complementary intersection (Cl) event, the probabdiecomposition theorem, and
the complementary intersection method based on thigahefor system reliability
analysis. The unified framework for system reliabilityalysis is also discussed.
Chapter 4 proposes a Bayesian reliability measure wlaga for uncertainties are
lacking. Subsequently, this Bayesian approach is integratedRBDO, referred to

as Bayesian RBDO. In Chapter 5, a new sensor netwaigrd@amework for PHM



is discussed to maximize the degree of structural heldthctability. Chapter 6
presents a generic framework for structural health prdigsosThe framework has
four essential elements: a generic health index syste generic offline training
scheme, an online prediction scheme, and generic prognastcertainty
management. Finally, Chapter 7 summarizes the dissertatd its contributions to

the field and recommends future work.



Chapter 2: Literature Review

This chapter provides the related state of knowledge afedearch topics within
the scope of this dissertation. The review is presentéke following four sections:
Section 2.1 presents advanced methods for reliabilityysiaa Section 2.2 presents
advanced methods for system reliability-based design watilon, Section 2.3
presents the sensor network design literatures and fiSaltgion 2.4 presents the

literature regarding health prognostics.

2.1 Reliability Analysis

An engineered system generally consists of numerousdaihodes. Before the
system is analyzed, all individual failure modes and theupled effects must be
carefully analyzed. All engineering (say, mechanicatjspia a system are designed
to fulfill multiple missions. A failure is thus defineas a non-fulfilment of one of
the missions. Each failure mode has a correspondingdiate, which separates the
design space into failure and safe regions. The prolyadilfailure, P, is denoted as

P = P(G(X) >0) (2.1)
whereG(X) is the performance function addis the random vector. The limit-state
is denoted by the equati@(X) = 0. An exact solution d?; can be obtained by the
multi-dimensional integration of the joint ProbabilDensity Function (PDFY, x(x),

over the failure domairG(X) > 0, which is denoted as

P = i (x) (2.2)



When multiple failure modes are considered for oneesysthe probability of the
system failure can be similarly written as a muithensional integration of the joint

PDF over the system failure domain, as

Pe = fi (x)ax (2.3)

s w
It is very difficult to conduct a multi-dimensionailtegration over the implicit failure
domain in Egs.(2.2) and (2.3). Therefore, different nicakapproaches have been
developed to evaluate the probability of the failure andycaut the reliability
analysis. This section reviews the state of theeatirtiques for component reliability

analysis and system reliability analysis.

2.1.1 Component Reliability Analysis

This subsection provides a review of existing reliabilihalgsis methods. A
common challenge in probability analysis is a multidinems integration to
guantify probabilistic nature of system responses (e.ggua life, corrosion, and
injury metrics) in various engineering applications (exghicle, airplane, and
electronics). Neither analytical multi-dimensionatemgration nor direct numerical
integration is possible for large-scale engineering apjidins. Other than those
approaches, existing approximate methods for probability sisadgn be categorized
into five groups: 1) sampling method; 2) expansion methodh&)ntost probable
point (MPP)-based method; 4) response surface approximateoaneand 5)
approximate integration method.

Sampling methodThe sampling method is the most comprehensive but expensive

method to use for estimating statistical momentsabgily, and quality of system

responses. Monte Carlo Simulation (MCS) [Varghesal.e1996; Lin et al. 1997] is
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the most widely used sampling method, but demands thous&rasmputational
analyses (e.g., finite element analysis (FEA), crasalysis, etc.). For reliability

analysis, MCS provides a reliability estimation pfwith a deviation ofs,
where N is the total number of MCS samples and the reliability

estimated by MCS can be reported with a confidencevaltef [p-3s,, p+3sp). To
relieve the computational burden, other sampling methods lbeen developed, such
as quasi-MCS [Niederreiter and Spanier 2000; Sobol 1998), adapip@tance
sampling [Engelund and Rackwitz 1993; Melchers 1989; Bucher 19881984,
directional sampling [Bjerager 1988], etc. Neverthelessnpding methods are
considerably expensive. Thus, it is often used for vatibim of probability analysis
when alternative methods are used.

Expansion method: The idea of the expansion method is to estimate tatatis

moments of system responses with a small perturbatismulate input uncertainty.
This expansion method includes Taylor expansion [Jung and Leg 2@0@irbation

method [Kleiber and Hien 1992; Rahman and Rao 2001], Neumanmsiopa
method [Yamazaki and Shinozuka 1988], and polynomial chgoaneion [Kim, et

al. 2006; Wei et al. 2008] etc. Taylor expansion and perturbatiethods require
high-order partial sensitivities to maintain good accurddye Neumann expansion
method employs Neumann series expansion of the inverseadm matrices, which
requires an enormous amount of computational effort. &m@ Chen provided a
comparative study of uncertainty propagation methodsdbasetheir performances
for black-box-type problems [Lee and Chen 2008]. In summatly expansion

methods could become computationally inefficient or inadeundnen the number or
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the degree of input uncertainty is high. Moreover, agquires high-order partial
sensitivities of system responses, it may not betipeddor large-scale engineering
applications.

MPP-based methodThe MPP-based method has been widely used to perform

reliability analysis. Rotationally invariant reliabylitindex is introduced through a
nonhomogeneous transformation [Hasofer and Lind 1974]. Bitdpaanalysis can
be conducted in two different ways: performance levele{@!) [Hasofer and Lind
1974] and probability level (P-level) [Wu 1990; Youn et al. 2004;abd Chen 2002;
Du 2008] methods. It has been found that the P-level maghawre efficient and
stable than the G-level method [Youn et al. 2004]. Howeawer MPP-based method
requires the first-order sensitivities of system oes@s. Moreover, it could generate
relatively large error caused by some nonlinearity otesgsresponse and is not
suitable for multiple MPP problems as the MPP-basedhadetestimates the
reliability value based on the MPP found during the MPRPcteand all other MPPs
will be ignored.

Response surface methodhe response surface method (Myers and Montgomery

1995) is often used with MCS to perform reliability analysidrue system response
is approximated based on limited design of experiment (D&dfhples and a
response surface approximation method. Once the respofeseesis constructed, the
MCS can be used for reliability analysis without ex@érpense except for the DOE
samples. In the literature, different approaches [Isukagad Roy 1998; Zhao and
Ono 2001; Youn and Choi 2004; Lee and Kwak 2006; Gavin and Yau 2008] have

been developed to approximate stochastic response sulfamgsver, the accuracy
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of this method greatly depends on the accuracy of respaunéace. Besides, the
response surface method is not suitable for high-dimeabkproblems because of a
curse of dimensionality.

The approximate integration metho@he approximate integration method is a direct

approach to estimate the PDF (or statistical momeimteugh numerical integration.
Numerical integration can be done in the input uncertalptyain [Rahman and Xu
2004; Seo and Kwak 2003] or the output uncertainty domain [Yowal €005a].

Recently, the dimension reduction (DR) method [Rahmah »m 2004; Xu and

Rahman 2004] and the Eigenvector Dimension Reduction (EDR) [¥bah 2008b]

method has been proposed and is known to be a sagditt@ method.

The EDR method calculates the statistical momentsP{@F) of performance
responses using an additive decomposition scheme [RahmaXuarZD04] that
converts a multi-dimensional integration into mukigne-dimensional integrations
and then uncertainty of performance responses cawdeaged through these one-
dimensional numerical integrations. To effectivelylcaéate one dimensional
integrations, the EDR method incorporates three technicamponents: (1)
eigenvector sampling, (2) one-dimensional response approximéioaficient and
accurate numerical integration and (3) a stabilized Beagstem for PDF generation
[Johnson et al. 1995]. The EDR method has been proved tuitee efficient and
accurate for engineering application with high dimeresiitym and nonlinearity
compared with other methods [Youn et al. 2008b; Youn and Wang.2008]

A fairly amount of numerical methods have been develdpenhvestigate the

uncertainty propagation and reliability analysis for thengineering
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components/systems subject to various engineering und&saiklowever, all of
these methods are based on an assumption that tisticsthinformation regarding
the input uncertainties are completely known and gagtheir PDFs or CDFs. This
is most likely not true for practical engineering apglmas. Typically these
uncertainties are represented as limited amount ofadaiéng from fielding testing,
laboratory experiments, and maintenance records and.sbhese data may evolve
over the time through several system lifecycles. Howguantify the system input
uncertainties based on the limited and incomplete dasaaset how to update them
with these evolving data sets are the primary challebgé&se the above discussed
methods can actually be used for the practical engngeatesign and analysis

problems.

2.1.2 System Reliability Analysis

Compared with tremendous advances in component rdlalahalysis, the
research in system reliability analysis has been stagnaainly due to the technical
difficulties in formulating system reliability expltty for multiple system failure
modes and their complicated coupling effects, as welh@samputational efficiency
and accuracy. Consequently, system reliability analyss Ween dominated by
reliability bounds methods. This subsection provides a rewéwxisting system
reliability bounds methods: first order bound method, secoder bound method and

the linear programming bound method.

First-order bound methodfhe first-order bound (FOB) method for serial system
reliability and parallel system reliability were proposed $60’s and 1980’s by Ang

and other researchers [Haldar and Mahadevan 2000; Ramaah&2@@4], as shown
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below. In basic, these methods give an upper systeabit#li bound by assuming
that all system failure events are perfectly dependsimjlarly a lower system
reliability bound is obtained by assuming that all systeiare events are mutually
exclusive. The application of this first-order bound rodths limited since they
usually give quite wide bounds.

Second-order bound methoditlevsen et al. proposed the most widely used second-

order bound (SOB) method for system reliability, whichegi much tighter bounds
than the first-order bounds [Ditlevsen and Bjerager 1984jeiC¢quivalent forms of
Ditlevsen’s bounds are given by other researchetmffiChristensen and Murotsu
1986; Karamchandani 1987; Xiao and Mahadevan 1998; Ramachandran 2004].
Second-order system reliability bounds or equivalent fonenge been used for the
system reliability analysis and system reliability lshdesign optimization for many
engineering system applications [Mahadevan and Raghotham2@00; Royset and

Kiureghian 2001; Liang et al. 2007; McDonald and Mahadevan 2008].

Linear programming bound metha8ong et al. formulated system reliability analysis

as a linear programming (LP) problem, referred to as Ehedund method [Song and
Der Kiureghian 2003; Der Kiureghian and Song 2008]. The LPd®method treats
the system reliability as the objective function aidiains the lower and upper bound
through minimizing and maximizing the objective function aadingly. The LP
bounds method is able to calculate optimal bounds faesyseliability with the
component reliabilities and/or probabilities of joiaildire events as provided input
information. However, it is known that the LP boundsthod can suffer when an

approximate LP algorithm is used for over-constrained probldesides, it is
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extremely sensitive to accuracy of the given input infoionat which is the
probabilities for the first-, second-, or high-order josafety events. To assure high
accuracy of the LP bounds method, the input probabilitiest lbe given very
accurately and the problem must not be over-constrained.

Besides the system reliability bound methods, one optpmilar approaches is
the multimodal adaptive importance sampling (AIS) methelkich is found to be
satisfactory for the system reliability analysis afge structures [Mahadevan and
Raghothamachar 2000; Zou and Mahadevan 2006a, 2006b]. The iotegvét
surrogate model techniques with MCS—based methods candieamrative approach
to system reliability prediction as well [Zhou et al. 2P0 this approach, the
surrogate model can be constructed for multiple linaitestunctions to represent the
joint failure region. This approach is quite practicad &mghly valued, but accuracy
of the method depends on the fidelity of the surrogate el the number of
random input variables.

Although SOB method and LP bound method can give fairlyoma system
reliability bounds generally assuming that the system inpaertainty information
are given precisely, evaluation of these bounds willesuirom numerical errors,
since most of numerical methods cannot evaluate profiedibf second or higher
order joint events effectively considering implicit cangl effects between different
system failure modes. Besides, these bounds methods camvide continuous
system reliability with respect to system input variablasorder to carry out system
RBDO using these bounds methods, response surfaces have t¢oedied for

reliability bounds. How to explicitly formulate systemeliabilty and how to

16



efficiently evaluate system reliability are two big daayes for system reliability

analysis.

2.2 Reliability-based Design Optimization

Compared with deterministic design optimization, the DRB model which
employs the probabilistic approaches in design optimizanables the incorporation
of available uncertainty information into the desigomgass and produces reliable
designs of engineered systems. Although the RBDO maedeldoon the probabilistic
approaches enables designers to achieve a reliable ddsigwever, it is
computationally significantly more expensive compared terdehistic approaches.

Reliability is of critical importance in product and presedesign [Hazelrigg
1998]. Hence in the literature, various methods [Youn.e2()5b; Chen et al. 1997,
Du and Chen 2004, Mcdonald and Mahadevan 2008] have been developed to
systematically treat uncertainties in engineering amlgnd carry out RBDO. In
RBDO, a design optimization strategy has been advamcedprove computational
efficiency and stability [Wu et al. 2001; Wang and Kodiyala@®2; Youn et al.
2005c]. Additionally, new methods for reliability assessniee been proposed to
enhance numerical efficiency and stability [Du et al. 20®dhman and Xu 2004a;
Youn et al. 2006; Du 2008; Lee et al. 2008, 2009; Kim and Choi 2008; ¥iadiiXi
2009; Noh et al. 2009].

Although advanced methods have been developed to improveutherioal
efficiency and stability, for the conventional RBD@rrework itself all uncertainties
regarding the system are required to be characterizeshdsm variables with certain

statistical distributions. There is still a big gap betwehe practical engineering
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design applications and the theoretical RBDO framewsiriGe most of engineering
design problems are face the situation of lack of dafaeaally when new products
are to be designed, new technologies are to be used. \Aalable data is
insufficient, the classical probability theory may beproper to model uncertainties
because it may lead to a result with a relatively loonfidence. To deal with
insufficient data sets, different methods have been deeéldor reliability analysis
and design optimization. Methods are based on variousde@mmministic theories:
the possibility theory [Utkin and Gurov 1996; Bai and Asgarp®@d4; Du et al.
2006; Zhou and Mourelatos 2008; Youn et al. 2008a; Herrmann 2009%yittence
theory [Sentz and Ferson 2002; Bae et al. 2003; Helton 20@6], and the Bayes’
theory [Coolen and Newby 1994; Huang et al. 2006; Youn and Wang 2008a]
Although different methods have been developed to deal withective and
insufficient data sets, evolving data sets have litttnleonsidered in these methods.
Besides the RBDO model, to ensure the reliability ofgitzeluct system, diverse
design methodologies have been developed, such as ptsbbided design
optimization (PBDO) [Choi et al. 2006; De and Choi 2008], am@lence-based
design optimization (EBDO) [Mourelatos and Zhou 2006]. &watent publications
[Allen and Choi 2009; Huang and Zhang 2009] delivered rigorous sttalideal
with all kinds of uncertainty (e.g., aleatory/epistentdéscrete/continuous, statistical
/fuzzy) for system analysis and design. Such research activitiee focused on how
to assess reliability effectively by simply assumingn4teterministic models of
random system inputs without engaging raw data [Youn €0&l3; Du and Chen

2004; Youn et al. 2008b]. Among these design methodologiggsi2an approaches
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have been widely used in many engineering and science fietdse data is
progressively accumulatedzor example, Bayesian reliability analysis has been
applied to series systems of Binomial (safe or failpsystems and components
[Fickas et al. 1988], to reliability assessment of powstesys [Yu et al. 1999], to the
effectiveness of reliability growth testing [Quigleynch Walls 1999], to robust
tolerance control and parameter design in the manufagt process [Rajagopal
2004], and to input uncertainty modeling [Chung et al. 2004]. Two ragvh
Bayesian (maximum likelihood and parsimony) methods haes loempared for
molecular biology applications [Merl et al. 2005]. Bayesiapdating has been
implemented using Markov Chain Monte Carlo simulationstouctural models and
reliability assessment [Beck and Au 2002]. Dynamic objecented Bayesian
networks have been proposed for complex system ratjabibdeling [Weber and
Jouffe 2006]. Bayesian approach has also been investigatethdoreliability
modeling [Zhang and Mahadevan 2000], and for reliability basedgrdesith
incomplete information to achieve Pareto trade-off desig@®Gunawan and
Papalambros, 2006].

As stated in subsection 2.1.1, current numerical metfuwdsobability analysis
are based on an assumption that the statistical iatiwm regarding the input
uncertainties are precisely known and given by their BFCDFs. Consequently,
RBDO requires full statistic information of system ertainty inputs since it relies on
those numerical methods for probability analysis atheBBDO design iteration.
However, most of practical engineering design problems &acommon situation of

lack of data for system uncertainty inputs. Moreover, litinded data may evolve
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over the time through several system lifecycles and tnliglsubjective such as data
obtained from expert opinions or customer surveys. Thallenge is how to
systematically perform RBDO for an engineered systesigdewith insufficient,

subjective and evolving data set.

2.3 Sensor Network Design

Significant technological advances in sensing and commtionicaromote the
use of large sensor networks (SNs) to monitor structusaésys, identify damages,
and quantify damage levels. Prognostics techniques take dudintage of these
advances and strive to enhance the safety and prolorsgtViee lives of structural
systems through the means of in situ data acquisition, fdatare extraction and
health diagnostics/prognostics to appropriately asesis health conditions and
predict remaining useful lives (RULS). Through years skaech efforts, structural
health monitoring systems based on different typesn$@s such as fiber optics,
piezoelectric elements, and MEMS sensors have beeatoged for a wide variety of
potential applications ranging from the civil, mechanieall aerospace industries to
automotive industry [Li et al. 2004; Zhao et al. 2007; Tanheid. 2003; Ling et al.,
2009; Bocca et al. 2009]. Despite the worldwide attentionsgymdficant advances in
maturing the technologies for practical implementatipnmary challenges still
remain in sensing technologies to enhance sensitivipgatability, robustness and
reduce limited power consumptions of sensors [Chang an&n\ldar 2006]. It is
clear that successful accomplishment of a structugaklin prognostic mission relies

extremely on an effectively designed SN.
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Most of the research activities for SN design in gast decade targeted on
maximizing the coverage and minimizing the power consummfdcSNs [Buczak et
al. 2001; Chakrabarty and Chiu 2002] for various applicatiorisrdtpuire the data
acquisition. Several methods have been developed to entfandetection efficiency
and minimize the uncertainty in decision-making based @a dequired from the
SNs [Field and Grogoriu 2006]. The optimum SN was introduaedhe sensor
configuration that can achieve the target probability decte®n. Guratzsch and
Mahadevan also defined the optimum SN for structuraltiheabnitoring under
uncertainties as the sensor configuration that canrmaeithe probability of damage
detection [Guratzsch and Mahadevan 2006]. Furthermoret, &li obtained a vector
of sensor placement indices based on the weighted cemizoof the mode shape
matrix corresponding to the sensor position [Li e2806]. Ntotsioset al. presented
another approach that addresses the stochastic nattine gensor measurements
[Ntotsios et al. 2006]. Azarbayejaet al employed an artificial neural network
approach to identify the optimum sensor placement fobridge case study
[Azarbayejani et al. 2008]. The sensor allocation probienmandled within the
context of uncertainty and information entropy. A Bagesmethod is used to
guantify damage in the structure based on the changeodalnnformation. The
information entropy is used to compute a scalar measurencértainty in the
structural damage features. A heuristic sequential sersogrpént algorithm is then
used to predict the optimal sensor configuration. Flynn Boadld also employed a
Bayesian method for optimal sensor placement witivasensing [Flynn and Todd

2010]. Research work [Ntotsios et al. 2006; Udwadia 1994; HeFediani and
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Esteva 1998] showed the importance of addressing the issumceftainty in
handling the optimal sensor configuration. Other reseascfPapadimitriou et al.
2000; Kirkgaard and Brincker 1999] also reported the use ohtbemation entropy
and information functions such as the Fisher informmate formulate the objective
function for optimal sensor allocations. All of tatbrementioned approaches showed
the significance of considering the uncertainties intredusy sensor units, structure
systems as well as the operation conditions in thed&hgn problem and presented
unique methods to deal with uncertainties in the damagetete Most of these
methods were developed for the problem of distributing aefisét of sensors to
detect a specific type of structural damage and their cgijpins are tied to and
restricted by the type of failure mechanisms under corsgide.

Given the significance of a SN for system health nooimty and prognostics, and
years of research efforts, the design of SNs norettddecomes tied to the structural
damage features and the development of a generic desigoduoktgy is still a
hurdle to overcome. The challenge problem is how semetovorks can be designed
to effectively monitor system health degradation under highlgertain operational

conditions.

2.4 Prognostics and Health Management

Awareness of the health condition of engineered systia real time is of great
importance to critical decision-making processes suchastemance and logistics.
Research on health prognosis which interprets data adgby distributed sensor
networks, and utilizes these data streams in makingcalritlecisions provides

significant advancements across a wide range of apphsatin the literature, health
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prognostics has been implemented using approaches theittse model-based or
data-driven [Pecht 2008; Pecht and Jaai 2010]. The model-bpgszhehes takes
into account the physical processes and interactionsebat components in the
system, whereas the data-driven approaches use shhtpsditern recognition and
machine-learning techniques to detect changes in parametethdaeyy enabling
diagnostic and prognostic measures to be calculated.

Model-based prognostic approaches attempt to incorporate cahysi
understanding of the system degradation into the estimatioemaining useful life
(RUL). Different stochastic degradation models have beemstigated in the
literature, to model various degradation phenomena ofesgstor components
[Doksum and Hoyland 1992; Lu and Meeker 1993; Boulanger and Est®®4y Lu
1995; Tseng et al. 1995; Hamada 1995, Chiao and Hamada 1996; Medk&p@8a
Whitmore et al. 1998; Bagdonavicius and Nikulin 2000]. Dowling, iké¢eeand
Escobar used convex and concave degradation mmdstiady the growth of fatigue
cracks and the degradation of printed circuit boards [Dgwli993; Meeker and
Escobar 1998]. Carey and Koenig used similar models to desde@radation of
electronic components [Carey and Koenig 1991]. Lu and Meekeglaped an
exponential pattern model to study a the life distributmver a population of
components [Lu and Meeker 1993], and similar exponentialrpadiegradation has
been applied with stochastic process of modeling randoan &rm to study the
residual life of single operating device of ball bearingslifaeel et al. 2005]. Model-
based approach to prognostics was demonstrated for litbiutvatteries [Saha et al.

2009] where a lumped parameter model was used along withdextéalman filter
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and particle filter algorithms to estimate RUL. Modeldzhgrognostics methods
have also been developed and applied for power semicomnsly@oodman 2001,
Patil et al. 2009], digital electronics components andegyst[Kalgren et al. 2007],
switched-mode power supplies [Kulkami et al. 2009].

Although various system degradation models have been devedopedsed for
the prognostics purpose, generally developing an accuratel nsogeohibitively
expensive when the understanding of first principles ofeaysbperation is not
comprehensive or when the system is sufficiently cempln these circumstances,
the data driven prognostics approaches are appropriate.didata-techniques are
used to learn the system state of health and the trendsatterns of system
degradation from data, and intelligently carry out life dgBons. In these
approaches, in situ monitoring of environmental and opesddtioads and system
parameters through distributed sensor networks or inspedsonseded. The data
collected is analyzed using a variety of machine learnirtintgaes depending on the
type of data available. Many of the existing approaches tediaten prognosis have
used artificial neural networks to model the systems [Cinnb@99; Brotherton et al.
2000; Wang and Vachtsevanos 2001; Gebraeel et al. 2004]. BeabieeBayesian
Belief Network has also been used as an approach fgnaba&s and prognosis of
aircraft avionics [Byington et al. 2003]. Symbolic time esrianalysis and
Mahalanobis distance measure were used for featurecgairdor health prognostics
of notebook computers [Kumar and Pecht 2007; Kumar 2009].rRateognition
algorithms and statistical reasoning techniques for earlt tetection have been

applied for computer servers [Lopez 2007; Urmanov 2007]. Apmicatof data
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driven prognostics approaches can also be found in énatiires [Keller et al. 2006;
Saha et al. 2009; Gebraeel and Hernandez 2009]; Comparedmedbl-based
prognostics approaches, the data-driven approaches resgsrariderstanding of the
system but more training data and eventually are compudiiianore expensive.

Despite the tremendous advances on health diagnosti@speognostics for
engineered systems, techniques approaches and methoddegise application-
specific. Difficulties in developing an application-gananethodology mostly result
from heterogeneity of sensory data, a wide range of dapaisstion frequency and
size, and different characteristics in uncertain mactufing and operation
conditions. Developing a general probabilistic framewark structural health
prognostics and uncertainty management for resiliegfineered system design
requires the development of four core elements: (@emeric health measure for
system health condition quantification; (i) a geneoitline learning scheme to
extract system health characteristics from sensiapyals and built up a background
health knowledge; (iii) a generic online prediction snbefor remaining useful life
prediction; and (iv) an uncertainty quantification and aggament scheme to manage
uncertainties involved in the health prognostic processiaprove the prediction
confidence.

For a generally applicable prognostics framework, etitrgqchealth relevant
information from heterogeneous sensory signals tal lauigeneric health measure is
the first essential step. Different signal processireghods have been studied and
employed to find out a set of the most important physsghals and construct

system health indexes. The methods include regressionclasdification based
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methods [Harrell et al. 2006; Yan and Lee 2005], principle pmorant analysis

[Sharmin et al. 2008; Mina and Verde 2005], time domain aisalygequency

domain analysis, wavelet analysis [Wang and Vachtsevad0s; Liu et al. 2008],

and autoregressive moving average methods [Pandit and Wu 1993jedltte index

can use dominant physical signals as a direct healthcneteferred as the physics
health index, for example, impedance and open circuitageltfor battery health
management. With the growing complexity of engineeredesys and embedded
sensor networks, the mapping of a multitude of heterogersmnsory signals to a
dominant health index is getting more and more difficult.

After extracting health relevant information from sery signal and constructing
system health indexes, system degradation charactenizatémother crucial task for
structural health prognostics. Different machine learnioyrtigjues have been used
for this purposes, such as support vector machine [Sotiri®ediat, 2007], artificial
neural networks [Huang et al. 2007; Heimes 2008; Byington €@084; Shao and
Nezu 2000], Bayesian modeling [Gebraeel et al. 2005], Gaussiargsr regression
[Rasmussen and Williams 2006; Srivastava and Das 2009]. Foprdgnostic
technique to be real-time applicable, the efficiencyne of the key factors to be
considered. Besides the efficiency, the capability ofdhag uncertainties is another
concern due to the uncertain nature of sensory sigma®st engineering problems.
The sparse Bayes learning scheme, for example theanelewector machine (RVM)
[Tipping 2001], is not only statistically loaded, but also dageat sparseness feature
to employ only a few neighboring kernel functions. Tiparseness feature of the

background health knowledge will eventually speed up online glatgessing and
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make possible a real-time RUL prediction, especially wdsrsory data are massive
and heterogeneous for a set of physical components.

After the offline learning of the system degradation bejrathe RUL can then
be predicted by comparing the real-time sensory signalstive background health
knowledge, with the help of appropriate life prediction teghes, such as artificial
neural networks, neuro-fuzzy approach [Chinnam and Baruah 20@4jesian
updating approaches [Youn and Wang 2008b], filtering techniquesefat 2008;
Orchard et al. 2008; Saha et al. 2007], and the approach baste similarities
[Wang et al. 2008]. One of the grand challenges in struchealth prediction is
managing various uncertainties in RUL prediction. The uaggies mainly come
from manufacturing variability over a population of phgs$iartifacts, uncertain
nature in operational conditions, and sensor noise. Tapepy manage the
uncertainty, it is important to build statistically mi®ackground health knowledge (or
curves) and use an optimal combination of the health cuimMesccurate RUL
prediction.

In summary, current health prognostics methodologg@sgumodel-based or
data-driven prognostics approaches are case-sensitive Wiitttlys limited
applications. Developing a generic structural health progso$tamework and
corresponding technical solutions that can be generallyicapfg for the general

purpose of resilient engineered system development retaabesa big challenge.
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Chapter 3: Complementary Intersection Method fost&wn
Reliability Analysis

System reliability prediction is significantly importaim aerospace, mechanical,
and civil engineering fields, its technical developmenit have an immediate and
major impact on complex engineered system designs. teespmendous advances
in component reliability analysis, the research inteysreliability analysis has been
stagnant and dominated by system reliability bound meth®dssaussed in Chapter
2. This chapter presents the research solution tardtechallenging question which
is how multiple system failure modes and their inteoas can be effectively
analyzed in a statistical sense for system relialalitglysis.

The work presented in this chapter aims at developingrepring method for
system reliability analysis by which system reliabildtgn be analyzed within a
generic framework regardless the system structures {seperallel and mixed
systems). Section 3.1 proposes the first-ever definahteveferred to as the
complementary intersection (Cl) event, which faaibts the decomposition of the
probability of the joint safety event. Section 3.2 prés the general formula for the
decomposition of the probability of joint safety events a numerical showcase, the
probability of the second-order joint safety event Wwélintroduced and decomposed
into the probabilities of the CI events. In order taldeith large-scale problems such
as a system with a large number of components and s¥alare modes, Section 3.3
introduces the Cl-matrix that is composed of the compiomeliabilities and the

probabilities of Cl events. Section 3.4 presents theesyseliability analysis using

28



complementary intersection method (CIM) for serallel and mixed systems. As
a series system or a parallel system can be viewes sggecial case of a mixed
system, Section 3.5 introduces a generalized CIM frantefaorsystem reliability
analysis regardless of the system configurations. &ec8.6 provides four
engineering case studies to demonstrate the developed Chddo&igy and Section

3.7 summarizes the work presented in this chapter.

3.1 Definition of Cl Event

Let an Nth-order Cl event denoE, n ° {X | GGy x...5XGN £ 0}, where the
component safety ( or 1st-order ClI ) event is definédg as{ X | G £0,i =1, 2, ...,
N}. The defined Nth-order CI event is composed of distinct intersesioof
component eventE; and their complements; wherei = 1,...,N. For example, for
the second order Cl eveB, it is composed of two distinct intersection event&,
andE; ». These two events are the intersectiong;dor E;) and the complementary
event of E; (or E;). Thus, we refer to the defined event as the Complanen
Intersection (Cl) Event.

Based on the definition of the CI event, the secondrdZdl@vent can be denoted
asE; © {X |G xG; £ 0}. The Cl event can be further expresseas EE E
where the component failure events are defined a&s{X |G >0}, ;={X|G >
0}. The event; is composed of two events; ;| ={X |G O0C G;>0}and g =
{X]1G>0C G; 0}. Since the events,E; andE; j, are disjoint, the probability of

the Cl eveng; can be expressed as
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P(E;)° P(X| GxG £0)
=P(X|G>0C G £0)+ P(X|GE 0C G> 0 (3.1)

=P(EE)+ R EE)
Figure 3-1 illustrates the CI evelt, in the two shaded domairts;, = {(X1, X2) |
Gi1 xG, £ 0}. Two component safety events are definedtas {(Xi1, X2) | G1 £ 0}
and E; = {(X3, X2) | G2 £ 0}, whereX; and X, are random variables (e.g., random

manufacturing tolerances and operational condijions

th th

»

Figure 3-1:Definition of the second order CI event

3.2 Probability Decomposition Theorem

Theorem: Decomposition of the Probability of aft@rder Joint Safety Event
With the above definition of the CI event, the mabtiity of an N™-order joint

safety event can be decomposed into the probabkiliti the CI events as
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Lo X X (3.2)
1 , - m1 PE,+ +(1)""HE,)

m

; i=1
i=2; i=2;
I=m

i<j<

A

The detail derivation of Eg. (3.2) can be found\ppendix A as well as in [Youn
and Wang, 2009]. It is noted that each CI evemst itaown limit state function,
which enables the use of any reliability analysetimds. In general, higher-order CI
events are expected to be highly nonlinear. Consiglethe tradeoff between
computational efficiency and accuracy, the studythis dissertation uses the
probabilities of the first and second-order Cl égan Eq. (3.2) for system reliability
analysis. However, more terms in Eq. (3.2) canrbpleyed as advanced reliability
analysis methods are developed.

Based on the probability theory, the probabilitytieé second-order joint safety

eventE; C E; can be expressed as

P(EE)=R(E)- REE)
=P(E)- P(EE) 53

From Eq. (3.1) and Eq. (3.3), the probabilitiesh&f second-order joint safety and

failure events can be decomposed as

P(EE)== RE)+RE)- RF) (3.4)
2

P(Ei_Ej):l-é PE} RE)+ P(F) (3.5)
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3.3 CI- Matrix

For large-scale systems, the probabilities of @nes can be conveniently written
into a multidimensional matrix, referred to as @ematrix. In this matrix, the item
CI(, J, k,....,.m) represents the probability of Cl-evesfif . nwherei j k ... m
As an example, CI(1, 2) in the second order Cl-madpresents the probability of ClI
event b, P(E12). In the CI matrix, if two or more indices areuatjto each other, it
means that probability of a lower order Cl evenprissented. For example in a third-
order CI matrix, element CI(1, 3, 3) represents ghabability of a second order ClI
eventE;s, asP(Eis). So ifi =) =k =...=m, then the element presents the probability
of the first order Cl evert,.

As an example, for up to the second order Cl-Evantsthe system includes

components in total, the Cl-matrix is written as

P(E) P(E) RE) R )
- P(E) ME) R E,)

cl= - - P(E) P(E) (3.6)
- P(E,)

In the upper triangular Cl-matrix, the diagonal nedsts correspond to the
component reliabilities (or probabilities of thesfrorder Cl events) and the element
oni™ row andj™ column corresponds to the probability of the seleorder CI event
Ej if ] <i. The probabilities of the second-order joint sabend failure events in Egs.
(3.4) and (3.5) can be evaluated with the proliasliof all Cl events that are found

from the Cl-matrix.
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3.4 System reliability analysis using CIM

3.4.1 CIM for series systems

This section introduces an explicit formula forteys reliability assessment for
series systems using CIM, developed based a maticamaequality equation.
Considering a structural serial system with m conguds, the probability of system

failure can be expressed as

3

P.=P EE (3.7)

1

wherePss represents the probability of system failure andenotes the failure event
of thei™ component. Based on the well known Boolean boimdsy.(3.8), the first-

order system reliability bound is then given in E2)9).

max® E )E PEE)XE  P(E) (3.8)

i=1
max P(E) £R.Emin  P(E), 1 (3.9)
i=1
However, these methods provide wide bounds of systeliability. Thus, the
second-order bounds method proposed by DitlevseBqin(3.10) is widely used

because it gives quite narrow bounds of systerabitly.

- m

P(E)+ " max P(E)- H{EE).ocp
= = (3.10)

Emin P(E) " maxP(_E_Er) .1

i=1 i=2 19

whereE; is the event having the largest probability olufia.
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Since the probabilities of all events are non-negathe following inequalities

miax(P(E))E /m P(E) £'T P(E) (3.11)

First, the left-hand side inequality in Eq. (3.£@n be redeveloped as

must be satisfied as

.0 P(EP “max P(E} HEE) .0
o (3.12)
*PE) | P(E) AFE

Then, applying the right-hand side inequality in E311) to Eq. (3.10) gives the

following the inequality as

(e} H(E) ATR)e 49 (€7 [ R )
A ifA>0

(3.13)
where (A)°

A similar logic can be applied to the right-handesinequality in Eq. (3.10)and it
gives

m

P Emin P(E)- max P( ) F( E) rjrliax F(_E_ﬁ)(3.14)

i=1 i=p 19

Then, using Eq. (3.10) and Eq. (3.14) gives

o(E) "maelzE) A% (48 [T ER ) 010

The combination of Eqg. (3.13) and Eq. (3.15) presithe following inequalities as

P(E)+” P(E) HER)e A8 8 ma fEFCI
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Finally, Eq. (3.16) approximates the probabilityaoderial system failure as

. o) () [T AF)) e

It can be proven that this approximate probabiliég in the second-order bounds

in Eq.(3.10) [Youn and Wang 2009].
From Eq.(3.17), the system reliability for a seggstem can be assessed as one

minors the probability of system failure and forated as

A ifA>0

R, seres= P(E) @A ) - <F(_E) \/]11 R ER 2>’ AT IVIACED

m
i=2

Note that the terms inside the bracket, should be ignored if it is less than zero
and Rs should be set to zero if the approximatedgwen by Eq. (3.18) is less than
zero. Equation (3.18) provides an explicit and uaidormula for system reliability
assessment based on the second-order reliabiliigdsoshown in Eq.(3.10) and an

inequality equation Eqg. (3.11).

3.4.2 CIM for parallel systems

System reliability formula for a parallel systemnche obtained based on the
formula of series system reliability by using the BDlorgan’s law. According to the
De Morgan’s law, the probability of parallel systéaulure can be expressed as

m m m

P E =1-P E=1 P E (3.19)
i=1 i=1 i=1
where ; is thei™ component failure event.
Equation (3.19) relates the probability of paralelstem failure with the
probability of series system safety (reliabilityj.we treatE; as thei™ component
failure event in a series system, the right sidE@f (3.19) is then the series system

reliability. Based on this relationship, the proitiabof parallel system failure can be
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obtained from Eqg. (3.18) by treating the safe evamthe series system as the failure

events in the parallel system as

m

— -1 2 A fA>0
P parata @P(E) -,:2<P(E) J A EE) > S i'f AZO (3.20)

Finally, parallel system reliability can be obtainieom Eq. (3.20) by one minus the
probability of system failure as

Rs_ parallel @P(E) +m < R E) -\/,i__l F( E |.‘:_) 2>’ < )}\ ° A TAO (3.21)

i=2 0, IfA£O

3.4.3 CIM for mixed systems

A mixed system may have various system structurlsre is no unigue system
reliability formula available for a mixed systemhi3 study develops a generic
procedure for mixed system reliability analysis. eTlleveloped procedure is
introduced below with an arbitrary mixed systenmusture. Considering a mixed
system withN components, the following procedure can be proseédd carry out
system reliability analysis.

Step I: Constructing a system structure matrix (&Brix)

SS-matrix, a 3-by matrix, is proposed in this study to characteriag arbitrary
configuration of a given engineered system in di@chimanner. With the SS-matrix,
the components and their connections in a systendescribed with the component
number and corresponding nodes numbers in a compatix form. This matrix
form standardizes the representation of mixed systeructures and facilitates the
system reliability analysis in a unified way. Thestf row of the matrix contains
component numbers, while the second and third mwsespond to the starting and

end nodes of the components. Generally, the totaber of columns of a SS-matrix,
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M, is equal to the total number of system componéhtén the case of complicated
system structures, one component may repeatedaapp between different sets of

nodes and, consequentiy,could be larger thaN, for example a 2-out-of-3 system.

Es

7 9 : <
E1 E2 E3 E4 E5

E;

Figure 3-2: A mixed-system reliability block diagna
Let us consider a mixed system with 7 componergssh@wn in Fig. 3-2. The
system structure matrix is a 3x7 matrix. The fecstumn of the system structure
matrix, [1, 1, 2], indicates that the®lcomponent connects nodes 1 and 2. The SS-

matrix for the system in Fig. 3-2 can be constrdiee

1 2 3 45 6 7
SS-matrix=1 2 3 4 5 2 3
2 3 456 45

Step Il: Finding system path sets based on the &8xm

Based on the SS-matrix, the Binary Decision Diag(&mD) technique can be
employed to find the mutually exclusive system psdts, of which each path set is a
series system. With the system structure charaeterin a uniform way with a
compact SS-matrix, the BDD technique can automatiadentify the mutually
exclusive path sets. Thus, the SS-matrix standssdihe representation of the
structures of any given mixed system and facilgdtee automatic system reliability
analysis in a uniform way. More information on 8BD can be found in references
[Lee 1959; Akers 1978]. For the mixed system shomwrFig. 3-2, the mutually

exclusive path sets can be found using the BDD as
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Pathset-{EEEEE EEEEE EEEEE EEEEEEL
Step llI: Evaluating all mutually exclusive pattisand system reliability
Due to the mutual exclusiveness, the mixed sysadiahility, Rs mixeq iS the sum

of the probabilities of all paths as

Np Np
R_me=Pr Path =  Pf Patf) (3.22)
i=1 i=1
where Pathis thei™ mutually exclusive path set obtained by the BDO Blp is the

total number of mutually exclusive path sets. Far $ystem in Fig. 3-2, the system

reliability can be calculated as

R, mixea =PI ~ Path = ~ P( Pat) (3.23)
=PrEEEERE)+P(EERER)+P(EEEE B+ P(EEEEEE

where the probability of each individual path seh de calculated using the series

system reliability formula in Eq.(3.18).

3.5 Generalized CIM framework for system reliability ssa

As a series system or a parallel system can beedas a special case of a mixed
system, the proposed generalized CIM framework ththSS-matrix and BDD can
perform system reliability analysis with any systetructures (e.g., series, parallel,
and mixed). Figure 3-3 shows a generalized CIM &aork for system reliability. As
shown in the figure, the first step of the systehability analysis using the CIM
framework is to prepare the input system informmatichich includes the limit state
functions for system components, the system strei@fiall system components, and

the statistical information for system random inpuariables. With system
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information as input, the CIM will go through a festep process for the system
reliability analysis, (1) constructing SS-matri®) evaluating Cl-matrix using one of
probability analysis methods as introduced in oma@®, (3) identify mutually
exclusive path sets using BDD with the SS-matnnd é4) evaluation the probability
of each path set using CIM system reliability fotawf series systems. After
finishing the process of system reliability anadysCIM will provide the output of

reliability of each component, probability of egoimt failure event, and the system

reliability.
System Information GCIM Anausis Outﬁuts
h I ——

1. System components h 1. Construct SS-matrix Y 1. Components
(limit state functions) 2. Evaluate Cl-matrix AN reliabilities

2. System structure (series, 3. Identify mutualy 2. Probabilities for joint
parallel, and mixed) exclusive path sets failure events

3. System random inputs 4. Evaluate probability of 3. System reliability

each path set

Figure 3-3: A generalized CIM framework for systegtiability analysis

3.6 Case Studies

This section attempts to demonstrate the feasibdit the proposed CIM for
system reliability analysis. Four engineering cstsglies are used to demonstrate the
numerical efficiency and accuracy of the proposd#l Gor system reliability
analysis. First of all, the CIM, the first-ordeystem reliability bound methods
method and the second-order system reliability deumethod are employed for
system reliability analysis. Their results are camngg with that from MCS. This

study demonstrates how accurately the CIM estimaysgsem reliability for serial
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systems. Then, the Cl-matrix in the CIM is evaddltising three different reliability

methods: FORM, SORM, and the EDR method.

3.6.1 Series System: Vehicle Side Impact Problem

The vehicle side crash analysis example is empldyd for system reliability
analysis. In this study, the response surfacesh®rvehicle side impact model (10
constraints and 11 random variables) are emplayékis study and they are found in
Appendix B. Random variables and their random pitegseare summarized in Table
3-1. System reliability analyses are performedhat ¢ight different design points
listed in Table 3-2. These design points are ftérum designs from RBDO using
FORM with eight different target reliability level#\s what has been done in the
previous example, the study on mathematical ernatise formula of different system
reliability methods are first carried out. Then rarical error is investigated with
different numerical methods for reliability assessin
First, three different system reliability analyai® compared to observe mathematical
errors in their formulae for system reliability assment. This study employs the
first-order bounds method, the second-order bouméshod, and the CIM To
minimize numerical errors in system reliability iggttes, the MCS with 1,000,000
sample points is employed to evaluate the prolesilof the component safety (or
failure), Cl, and the second-order joint events.sike for system reliability
assessment are summarized in Table 3-3 and shotg.ir3-4. It is found that the
second-order bounds method gives much narrower dsodhan the first-order

regardless of the reliability levels. The religgilbounds become narrower as
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reliability level increases. In summary, the Clkbyides more accurate results at all
reliability levels, compared to the first- and sedarder bounds methods.

Second, this study attempts to observe numericat @r system reliability that is
given by numerically evaluating the system religpiformula of the CIM in Eq.
(3.18). The system reliability formula is numetigaomputed using three different
numerical methods: FORM, SORM and the EDR methagain, system reliabilities
are evaluated at eight different designs. Theltestom FORM, SORM, and the
EDR method are also compared with those from MC& wne million sample
points, as shown in Table 3-4 and Fig. 3-5. TheSVi€sults are reported with
confidence intervals MCS low bound (MCS_LB) and M@sper bound (MCS_UB)
according to the discussion in Chapter 2. TabldsaBd 3-5 summarize the results of
numerical accuracy and efficiency, respectivelyt isl also found that the EDR
method is much more accurate and efficient than M&$ed methods
(FORM/SORM) for system reliability assessment beeawf highly nonlinear
behavior of the Cl events. Again, the CIM resulssng the EDR method is least
influenced by the reliability levels unlike usin@RM or SORM, as shown in Fig. 3-
5. The CIM using the EDR method appears to be aecyrate and efficient method

for system reliability prediction.
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Table 3-1: Properties of random variables in vehsitle impact example

Random Variables Distr. Type Std Dev.
X1 (B-pillar inner) [mm] Normal 0.050
Xz (B-pillar reinforce) [mm] Normal 0.050
X3 (Floor side inner) [mm] Lognormal 0.050
X4(Cross member) [mm] Lognormal 0.050
Xs (Door beam) [mm] Uniform 0.050
Xe (Door belt line) [mm] Uniform 0.050
X7 (Roof rail) [mm] Uniform 0.050
Xg(Mat. B-pillar inner) [GPa] Gumbel 0.006
X9 (Mat. Floor side inner) [GPa] Gumbel 0.006
Xio(Barrier height) [mm] Normal 10.00
Xi1 (Barrier hitting) [mm] Normal 10.00

Table 3-2: Eight different design points for systesimbility for VSI example

Optimum Mean Values for Random Variables

designpoints x, X, Xs X, Xs Xo X7 Xg  Xo X0 Xu1

1 0.5 1.26690.5 1.22980.55321.5 0.5 0.3450.1920 O
0.5 1.27860.5 1.23640.56801.5 0.5 0.3450.1920
0.5 1.29180.5 1.24380.58401.5 0.5 0.3450.1920
0.5 1.30710.5 1.25240.70971.5 0.5 0.3450.1920
0.5 1.32640.5 1.26340.73891.5 0.5 0.3450.1920
0.5 1.35510.5 1.28010.81491.5 0.5 0.3450.1920
0.5 1.38760.5 1.29980.85481.5 0.5 0.3450.1921

o O O O o o o

0.5 1.40940.5 1.31400.99451.50.50030.345 0.2511

0o N o o b~ w DN

0

o O O o o o o
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Table 3-3:Results of different system reliability analysisthweds for VSI example:
(1) MCS, (2) First-Order Bounds (FOB) using MCS), $&cond-Order Bounds

(SOB) using MCS, (4) CIM using MCS (N=1,000,000)

System Reliability at each point
Methods

1 2 3 4 5 6 7 8

Lower O 0.0961 0.2395 0.4606 0.5867 0.7267 0.8319 0.8748

o8 Upper 0.4763 0.5269 0.5799 0.6378 0.7055 0.788 0.85890.8937
Lower 0.2307 0.3036 0.3869 0.5248 0.6225 0.7415 0.8379 0.8812

508 Upper 0.2992 0.3491 0.4146 0.5267 0.6235 0.7424 0.8382 0.8822
CIM 0.2511 0.3158 0.3935 0.5257 0.6226 0.7416 0.8379 0.8814
MCS 0.2621 0.326 0.40170.5267 0.6227 0.7417 0.838 0.8815
MCS_LB  0.2608 0.3246 0.4002 0.5252 0.6212 0.7404 0.8369 0.8805

MCS_UB  0.2634 0.3274 0.4032 0.5282 0.6242 0.743 0.83910.8825

Table 3-4: Results of system reliability analyssng CIM with different numerical

reliability methods for VSI example: (1) FORM, @PRM, and (3) EDR

Analysis System Reliability

Methods 1 2 3 4 5 6 7 8

CIM-FORM 0.4331 0.52 0.637 0.747 0.827®.9177 0.9648 0.9809
CIM-SORM  0.4022 0.4824 0.5721 0.6963 0.7585 0.8581 0.929 0.9569
CIM-EDR  0.2659 0.3288 0.4013 0.5135 0.614 0.72530.8271 0.8772
MCS 0.2621 0.3260 0.4017 0.5267 0.6227 0.7417 0.8380 0.8815
MCS_LB  0.2608 0.3246 0.4002 0.5252 0.6212 0.7404 0.8369 0.8805
MCS_UB  0.2634 0.3274 0.4032 0.5282 0.6242 0.7430 0.8391 0.8825
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Table 3-5 Efficiency of system reliability analysis using CiMth different

numerical reliability methods for VSI example: @QRM, (2) SORM, and (3) EDR

Methods EDR FORM SORM MCS
Total number of function

] 23 280 280 1,000,000
evaluation
Total number of sensitivit

_ y 280 280 0
evaluation
Hessian Matrix Evaluation 0 0 55 0
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Figure 3-4:Accuracy of system reliability analysis at eighsid@ points for VSI

Example
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Figure 3-5: Absolute errors in system reliabili®g][for VSI example

3.6.2 Series System: Probabilistic Fatigue Analiid arge Sea Vessel

Fatigue failure is commonly found in maritime sktpuctures and spectral fatigue
analyses are often used for predicting the strattives of maritime ship structures.
In this study, fatigue lives of large sea vesselnaation ends are considered and the
fatigue system reliability is determined by usingvGvith EDR method. It has been
reported that the most critical spot for fatiguduf@ are longitudinal and Transverse
Connection as shown in Fig. 3-6. The finite elem@fE) model for this study is
shown in Fig. 3-7 with the model information in Tal8-6. In this study 4 end
connections with totally 8 weld hot-spots (each bad one weld heel and weld toe)
are considered as a series system as shown iB-8igand the end connection in this

model is shown in Fig. 3-9.
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Figure 3-6:Large Sea Vessel End Connections

Figure 3-7:FE model for a large sea vessel
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Figure 3-8: Definition of system components
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Figure 3-9: Longitudinal end connections
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Table 3-6: Model information (DOF = 789,000)

Model Component Amount
Node 131,511
QUAD4 137,387
TRIA3 18,959
Elements
BAR 65,697
ROD 68,157

The uncertainties present in this analysis ardadeing factors (e.g., wave height
and period) and material properties. The varigbibf the loading factors is
accounted for in the development of the stressorespspectrum [Youn et al. 2007].
Even if geometric tolerances are uncertain, smailtiances in the geometric
tolerances of a large vessel will not be a sigaific contributor to the overall
reliability of the welded components. On the othand, the uncertainties of the S/N
curve can be taken into consideration in the fatigwdel after the FE analysis. A
total of four parameters of the S/N curve can besitered,c, the S-N curve life
intercept, my, the negative inverse slope preceding the tramsipoint, m,, the
negative inverse slope following the transition rppilT, and the location of the
transition point. The statistical information dfese random variables is located in
Table 3-7. The response value being attained throtlgs fatigue analysis is
cumulative fatigue damage ratid, (= designed life/fatigue life), where the designe
life is 20 years. The structure is safe for fagiguhenD is less than one. In order to
determine the reliability, the EDR method is usathwa 4N+1 eigenvector samples.

Using EDR method, the Cl-matrix is obtained as shawFig. 3-10 and accordingly
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the system reliability for fatigue is obtained thghh CIM as 03877. Based on this
calculation, we can also obtain the approximated-6rder system reliability bounds
as: 0.3456£Rs £ 0.3975. In order to verify the fatigue systemalaility result, a

Monte Carlo simulation (MCS) is performed, usin@Q) samples. Both the EDR
and MCS results are shown in Table 3-8. It is tbtimat the EDR method with 17

fatigue analyses gives a good agreement with th& MCeliability prediction.

Table 3-7: Statistical parameters of S/N curve

Variable c m m Tp

Distribution ~N(1.52e12,7.6e10 ~N(3,0.078) ~N(5,0.25) ~N(1le7,5e9

0.3975 0.5736 0.6093 0.6092 0.6114 0.6090 86590.6109
0.9564 0.0430 0.0430 0.0419 0.0431 0.0395 P104

1 1.5E-6 4.7E-5 9.4E-7 0.0085 2.2E

1 4.2E-5 6.5E-7 0.0085 1.9E-

Cl =
fatigue 0.9999 3.5E-5 0.0089 0.000
1 0.0084 1.6E-5
0.9918 00086
1

Figure 3-10: Cl-matrix for the sea vessel fatigeiability analysis

Table 3-8:Comparison of results from EDR and MCS

System Relialili Error Analysis
CIM_EDR 0.3877 1.09% 17
CIM_MCS 0.3960 0.00% 1,000
MCS 0.3960 /A

(0.3496 ~ 0.4424)
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3.6.3 Parallel System: A Brittle Ten-Bar System

The following ten-bar system example is used toalestrate the effectiveness of
the CIM framework for parallel systems. As showrFig. 3-11, ten brittle bars are
connected in parallel to sustain a load applieohatend. This case study is modified
from the example employed in the work [MahadevaaleR001] by increasing the
total number of bars from 2 to 10. Ten bars arératlle with different fracture strain
limits s, 1 1 10, which are sorted in an ascending order. Ifetkerted strain is
between thei{1)" andi™ fracture strain limits, i.e.,q1y < 1, , bar components
with fracture strains below; will fail, and the allowable load is then the swoimthe
strength of components with fracture strains etiuak above . Therefore, the strain
level corresponding to the overall maximum allovealolad is among the ten fracture
strain limits. As the overall maximum allowable dpdhe system strengtR can be

formulated in Eq.(3.24).

10 10 10

Rr =max _ R €;) =max R @) R @), , B (6n) (3.24)

1£i£10 . .
J j=1 j=2

For example, if the exerted straitis equal to the fracture straip, the T' brittle
bar fails due to the fracture and no longer couatab to the overall system strength.
Thus, the system strengf at this fracture strain is the sum of strengthhef other
nine brittle bars. The brittle bar system failsstestain the load only if the system
strength at any of the ten fracture strains is En#han the loadr. This is a parallel
system with ten components, corresponding to the ftacture strains. The

component safety events can be expressed in tdrseveral random variables.

10

Gi:F-_lo_Fg(eﬁ):F- (EAxe, I if 1 (3.25)

i j4
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whereR; represents the allowable load that can be sustaipatej™ brittle bar,A
the cross section area of fffebrittle bar, andgjthe Young’s modulus of th&' brittle

bar.

L

() (b)
Figure 3-11: Ten brittle bar parallel system:

(a) system structure model; (b) brittle materethdvior in parallel system

Random variables and their random properties amersuized in Table 3-9. Ten
different system reliability levels are used forgmarison with ten different loading
conditions F). These loading points are used to validate tid @kthod at different
reliability levels. Table 3-10 summarizes the reswlf system reliability analyses
which are illustrated in Fig. 3-12. It can be sd¢leat the first-order bounds are too
wide to be of practical use. Whereas, the secoddrdvounds method gives tighter
system reliability bounds compared with the firstley bounds method. The CIM
method provides more accurate results at all éitiabevels and its high accuracy is
maintained at high reliability levels, which aretesf encountered in engineering
practices. Similar to the first case study, onlg fiist and second order CI events

were considered and the error for the CIM comemfthe effects of the third- or
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higher-order ClI events. However, for a paralletesysthese effects tend to decrease
as the system reliability decreases, thus the atrarlow system reliability level is

smaller than that at a higher system reliabilitseleas observed from Fig. 3-12.

Table 3-9:Statistical information of input random variables the ten bar system

Random Variable = Mean Standard eviation  Distribufigpe
Ei-E10 (GPa) 200.0 10.0 Gumbel
As (mn) 100.0 5.0 Lognormal
Ao (mn) 120.0 5.0 Lognormal
Az (mn) 140.0 5.0 Lognormal
A4 (mn) 140.0 10.0 Lognormal
As (mn) 140.0 10.0 Lognormal
As (mn) 150.0 10.0 Lognormal
Az (mn) 150.0 15.0 Lognormal
Ag (mn) 150.0 15.0 Lognormal
Ao (mn) 200.0 15.0 Lognormal
Aso(mnr) 300.0 25.0 Lognormal

fl 0.0010 0.0002 Uniform

f2 0.0012 0.0003 Uniform

f3 0.0018 0.0004 Uniform

4 0.0025 0.0005 Uniform

f5 0.0027 0.0006 Uniform

f6 0.0030 0.0007 Uniform

f7 0.0033 0.0008 Uniform

f8 0.0036 0.0009 Uniform

fo 0.0040 0.0010 Uniform
f10 0.0050 0.0011 Uniform

F (kN) 30.0 Normal
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Table 3-10Results of system Reliability analysis with MCS,B-@sing MCS, SOB using MCS, and CIM using MCS (No€D,000)

System Reliability Level at Each Design

Analysis Method

1 2 3 4 5 6 7 8 9 10
Upper 0.4133 0.5639 0.7331 0.9216 1 1 1 1 1 1
e Lower 0.1594 0.2054 0.2507 0.2974 0.3444 0.4395 86%4 0.5334 0.5803 0.9705
Upper 0.3537 0.467 0.5854 0.7065 0.8293 1 1 1 1 1
SO Lower 0.3192 0.4062 0.4849 0.5507 0.6068 0.6917 1617 0.7459 0.7897 0.9943
CIM 0.3417 0.4456 0.549 0.6482 0.7388 0.8714 0.900/0069 0.9051 0.9943
MCS 0.3301 0.4272 0.5226 0.6131 0.6961 0.8314 G.880.9192 0.9476 0.9998

MCS_LB 0.3287 0.4257 0.5211 0.6116 0.6947 0.830388(B 0.9184 0.9469 0.9998
MCS_UB 0.3315 0.4287 0.5241 0.6146 0.6975 0.83288283 0.92 0.9483 0.9998
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Figure 3-12: Results of system reliability analystigen different reliability levels

3.6.4 Mixed System: Power Transformer Winding J8ystem

Power transformers are among the most expensiveeeats of high-voltage
power systems [Rivera et al. 2000]. The power foanger vibration induced by the
magnetic field loading will cause the windings sogigoint loosening or the fatigue
failures, which will gradually increase the viboatiamplitude of the winding and
eventually damage the core [Kim et al. 2009]. s ttase study the proposed CIM is
applied for the system reliability analysis of {h@wer transformer winding support
joints. We considered four failure modes, which #re fatigue failures at the four
winding support joints. A power transformer simidat model was built using the
finite element analysis tool ANSYS 10 (see Fig.33-Figure 3-14 shows the detalil
of the winding bolt joint, which assembles the vings of the power transformer

with the bottom fixture. The transformer is fixedthe bottom and the vibration load
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is applied to the magnetic core with the frequenéyl20 Hz. This case study
employed ten random variables, as listed in Takld ,3wvhich include the geometric
tolerances and material properties

This winding support system with the four joints sMaeated as a 3-out-of-4
system as shown in Fig. 3-15, which means thasyséem becomes safe only if at
least three out of the four support joints surviveEhe Cl-matrix for this case study
was evaluated using the MCS (with 1000 samples$hawn in Fig. 3-16. Figure 3-
17 shows the system reliability block diagram amdbl& 3-12 displays the SS-matrix
for this transformer joint system. The mutuallclkesive path sets can be determined

using the BBD (see Fig. 3-18) as

Pathset{E,E,E, EEEE EEEE EEE§

These path sets are mutually exclusive with theesesystem structure, as
discussed in Section 3.4. As shown in Table 348 reliabilities for these mutually
exclusive path sets can be obtained and the systeility for this transformer joint
system can be estimated using Eq. 17. It is fohatl the CIM accurately assesses
system reliability compared with the MCS. This destoates the feasibility and great

capability of the CIM for system reliability analgawith any system structure.
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Figure 3-13: A power transformer FE model (withthé covering wall)

Table 3-11: Random property of input variablestfa power transformer

Random . : Standard Distribution
Variable Physical Meaning Mean Deviation Type

X1 Wall Thickness 3 0.06 Normal
X2 Angular width of joints 15 0.3 Normal
X3 Height of support joints 6 0.12 Normal
Xa Young’s modulus of joints 2el2 4e10 Normal
%e j\(()(i)nt:rslg’s modulus of Ioosening2elo 468 Normal
Xe Young’'s modulus of winding 1.28e12 3el0 Normal
X7 Poisson ratio of joints 0.27 0.0054 Normal
Xs Poisson ratio of winding 0.34 0.0068 Normal
Xo Density of joints 7.85 0.157 Normal
X10 Density of windings 8.96 0.179 Normal

56



\ Bolt

Joints
(a) Side view of one joint (b) Bottom view of the bolt joint

Figure 3-14: Winding support bolt joint: (a) sidew, (b) bottom view

'\_ﬁ y

~ ‘& 0.999 0.000 0.238 0.242
1 2 0,000 0.999 0.238 0.242

Cl-matrix =

3 4 0.000 0.000 0.761 0.008
2 {\ 0.000 0.000 0.000 0.757

Figure 3-15: 3 out of 4 system Figure 3-16: Cl-matrix for the power

with 4 support joints transformer case study

Figure 3-17: System reliability block diagram fayger transformer case study

57



Table 3-12: System structure matrix for the powangformer case study

Component
No.

Starting node 1 1 1 1 2 3 4 5 6 7 8
End node 2 3 4 5 6 7 8 9 10 10 10

Figure 3-18: BDD for the power transformer caselygtu

Table 3-13: Results of CIM for power transformesecatudy comparing with MCS

(1,000 samples):

Reliability of Path Set (Series System)

Analysis System
Method EEE EEEE EEEE EEEFE, Reliability
CIM 0.761 0.000 0.000 0.002 0.763

0.763
MCS - - - -

(0.7227~ 0.8033)

58



3.7 Summary

In this chapter, the CIM was proposed to evalugitesn reliability for series
system, parallel and mixed systems. The proposdtiosienakes the five technical
contributions as:

(1) Definition of the CI event: The key idea of theposed method is the definition
of the CI event. This definition enables the deposition of the probability of an
N"-order joint safety event into the probabilitiestiod first toN™order CI events;

(2) Analytic expression for the probability of amygher-order joint event by the
probability decomposition theorem: The probabitifyany second or higher-order
joint event can be analytically expressed in teahshe probabilities of the ClI
events.

(3) Easy numerical assessment of system reliabflitlyough the analytic expression
for system reliability, it can be assessed by syjngplaluating the probabilities of
the CI events using advanced reliability analysisthods (e.g., Dimension
Reduction (DR), polynomial chaos expansion (PCHE@chastic collocation
method).

(4) A general framework of system reliability argiyy Regardless of a system
structure (e.g., series, parallel, and mixed),Gld can execute system reliability
analysis in a generic manner,

(5) The Cl-matrix facilitates to compute systenfiatglity for large-scale system

applications.
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Chapter 4: Bayesian Approach to Reliability-BasedsiDn
Optimization

This chapter presents the research solution teséieend challenging question
which is how limited data for input manufacturirgriability can be used in RBDO to
ensure a high reliability of an engineered systetmeé early design stage. In practice,
the amount of data to characterize random varigblisitedly given due to the lack
of resources (e.g., time, budget, facility, and hojn This chapter presents a
Bayesian reliability-based design optimization (Bsign RBDO) framework as a
detail design tool for an engineered system whenathount of the data is lacking.
Section 4.1 presents the Bayesian updating technémqu the Bayesian binomial
inference model for reliability modeling. Sectior? fresents the Bayesian reliability
analysis with lack of data and Section 4.3 deritles sensitivity of Bayesian
reliability with respect to random input variabl@he Bayesian RBDO is formulated
in Section 4.4 and case studies are presentedctio®e.5. Section 4.6 summarizes

this chapter.

4.1 Bayesian Updating and Binomial Inference

This section gives an introduction of the Bayesigmalating technique and the

Bayesian binomial inference model.

4.1.1 Bayesian updating

Let X be a random variable with a probability densityndiion f(x,q),

g1 W. From the Bayesian point of view, is interpreted as a realization of a random
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variableQ with a probability densityo(g). The density function expresses what one
thinks about the occurring frequency@before any future observationXfis taken,
that is, a prior distribution. Based on Bayes’ tiego, the posterior distribution 6J

given a new observatioxican be expressed as

fxo(x9) _ fuo(X19)%f5(q)
fx (%) fx (¥

fox (q1%)= (4.1)

The Bayesian approach is used for updating infaomadbout the parameter
First, a prior distribution o must be assigned before any future observatiofisf
taken. Then, the prior distribution & is updated to the posterior distribution as the
new data forX is employed. The posterior distribution is set @onew prior
distribution and this process can be repeated waithevolution of data sets. In
Bayesian probability theory, a class of prior ptuligy distributionsf () is said to
be conjugate to a class of likelihood functidias (x| ) if the resulting posterior
distributionsf |x ( |X) are in the same family ds( ). For example, if the likelihood
function is Gaussian, choosing a Gaussian priauresghat the posterior distribution
is also Gaussian. A Bayesian inference model ieda conjugate model if the
conjugate prior distribution is used. For conjugBegyesian inference models, the
updating results are independent of the sequendataf sets. Conjugate models of
Bayesian updating are quite useful for uncertambdeling with evolving data sets,
since the prior and posterior distributions areegivn a closed form. However, it is
found that the Bayesian updating results often wepen the selection of a prior
distribution in the conjugate models. Besides, #wailable conjugate Bayesian

models are limited. To eliminate the dependency téedlimitation, non-conjugate
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Bayesian updating models can be developed usingkdvaChain Monte Carlo

(MCMC) methods. This is, however, more computationallgnsive.

4.1.2 Bayesian Binomial inference model

In many engineering applications, outcomes of es/éoim repeated trials can be
a binary manner, such as occurrence or nonoccerenccess or failure, good or
bad, etc. In such cases, random behavior can beletbd/ith a discrete probability
distribution model. In addition, if the events s§tithe additional requirements of a
Bernoulli sequence, that is to say, if the evenésstatistically independent and the
probability of occurrence or nonoccurrence of esamimains constant, they can be
mathematically represented by the binomial distidmu In other words, if the
probability of an event occurrence in each trial risand the probability of
nonoccurrence is {I), then the probability okoccurrences out of a total bftrials

can be described by the probability mass functi®iviK) of a Binomial distribution as

Pr(X:x,N|r):()'>|)rx(1- " x= 012, N (4.2)

where the probability of success identified in fievious testr, is the parameter of
the distribution.

In Eqg.(4.2), the probability of/N (x occurrences out dd trials) can be calculated
when a prior distribution on is provided. This inference process seeks to epdat
based on the outcomes of the trials. Gixencurrences out of a total bftrials, the

probability distribution of can be calculated using Bayes’ Rule as

f(r1x) = XD ) (4.3)
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wheref (r) is the prior distribution of, f (r | X) is the posterior distribution afandf

(x | r) is the likelihood ofx for a givenr. The integral in the denominator is a
normalizing factor to make the probability distriiom proper. The prior distribution
is known forr, prior to the current trials. In this study, afonm prior distribution is
used to modet bounded in [0, 1]. However, it is possible to obtai posterior
distribution with any type of a prior distribution.

For use of this Bayesian inference model, bothiar peliability distribution ¢)
and the numberx] of safety occurrences out of the total numbetest data sethl
must be known. If the prior reliability distribati () is unavailable, it will be simply
modeled with a uniform distributiom, ~ U (a, b) wherea < b anda, b1 [0, 1].
Bayesian binomial inference model can be used ttatepthe prior knowledge of
reliability (r), which is a parameter of a binomial distributitmthis inference model,
the binomial distribution likelihood function is e for test data, whereas the
conjugate prior distribution of this likelihood fation is used for reliabilityry, which

is a Beta distribution. The PDF of the Beta disttitin is expressed as

— 1 a-1(q_.\¢1 - Laa _+\ot
f()=gas )" Bla.p)= ti(xe)7a) @4

wherea and b are two parameters. For a simple case, b = 1 represents a uniform
distribution over [0, 1]. If this uniform distrition is used as a prior distribution for

r, the likelihood functionf(x|r) can be obtained using Eq. (4.3)and the posterior
distributionf(r|x) using Eq.(4.4). It follows a Beta distributiortiva = x + 1 andb =

N - x + 1. This posterior distribution represents thebability distribution of
reliability, which is a function ok andN. With k sets of evolving testing data sets,

the final updating result faris also a Beta distribution with
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a=1+ k x and b =]i-'k (N - x) (4.5)

i=1 i=1 I
As it is a conjugate Bayesian inference model,etheralso no data-sequence effect

on updating results.

4.2 Bayesian Reliability Analysis

When only epistemic uncertainties are used in ¢hability assessment, the PDF
of the reliability can be modeled using the Betstribution in Eq. (4.4) by counting
the number of safety occurrences, In general, both aleatory and epistemic
uncertainties appear in most engineering desighl@nas. In such situations, the PDF
of reliability can be similarly obtained throughysian reliability analysis. To build
the PDF of reliability, reliability analysis muse lperformed at every data point for
epistemic uncertainties while considering aleatamgertainties. Different reliability
measures,Rc = R(Xe, are obtained at different sample points for tepisc
uncertainties. In Eq.(4.58 =x+ 1 andb=N- x+ 1, wherex= R« Then, the PDF

of reliability r with a uniform prior distribution is updated RoX,, Xe; d) as

1
R(X. X d)= f(rlx)=——r*'@-r)?
(XX d) (l)Beta(a,b) @ry
wherea = ¥ x, b =N- x+ 1, Y={Xe,l : XM} (4.6)

x= R ,andR= Prg K § O,

N is the number of finite data sets for epistemicautainties. Figures 4-1 and 4-2
show such a functional relationship between theal#ity distribution and its
parametersx andN. Figure 4-1 demonstrates the dependence of tlabiliey PDF
onthe number of safety occurrencgsput of the giverN trials (e.g.,N = 40 in Fig.

4-1). The larger the number of safety occurrenoesfgivenN trials, the greater the
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mean of reliability. The PDF of reliability appears be feasible, since the mean of
the PDF is close t&/N, which is a Frequentist estimate of reliabilityg(€//eta(s 379>
4/36). Figure 4-2 exhibits the dependence of thiakbiity PDF on the total number
of trials (N) with the same ratio of to N. As the total number of trials is increased,
the variation of reliability is decreased, SucChsg§aus1,151K Sgeta(151,51F SBeta(46,16<
Seeta(16,6) IN other words, the PDF of reliability asymptatly converges to the exact

reliability with the increase of the number of Isia

9

eta(5,37) Beta(37.5)
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Figure 4-1: Dependence of the PDF of reliabilitytbe number of safety
occurrences{/N
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Figure 4-2: Dependence of the PDF of reliabilitytba total number of trial$y
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For design optimization, reliability must satisfyd requirements: (a) sufficiency
and (b) uniqueness. The sufficiency requirementnsi¢hat the reliability must be
conservative or no larger than an exact reliabiglized with a sufficient amount of
data for the input uncertainties. As this relidpiis an estimated reliability based on
the posterior reliability distribution obtained oligh the Bayesian updating of the
prior reliability distribution, thus it is referretb as “Bayesian reliability”. Then,
Bayesian RBDO based on Bayesian reliability measute provide an optimum
design with higher reliability than target reliatyj regardless of the data size.
Depends on different applications, the designer rbaydesired with different
confidence level of realized Bayesian reliabilityhis requires that Bayesian
reliability can be flexibly defined based on theemdefined confidence level.
Suppose that the user-defined confidence levelayeBian reliability a€,, and the
sample size of epistemic uncertaintyNsthen Bayesian reliability can be uniquely

justified as
1- C= = fo(r)dr (4.7)
This will gives the Bayesian reliability definitiomith the user-defined confidence
level as
Ry = F'[1- C] (4.8)
In the case studies of this dissertation, the denfte level in Eq. (4.8) for

defining Bayesian reliability is chosen to ¥®.5 whereN is the number of sample
size. By choosing the confidence level in such g vayesian reliability is exactly
the median value of the extreme distribution far #mallest value derived from the

Beta distribution in Eq.(4.6).
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Based on the extreme distribution theory, the extrdistribution for the smallest
reliability value is constructed from the reliatyilidistribution, Beta distribution. For
random reliabilityR with the Beta distribution functiorbg(r), let 'R be the smallest
value amongN data points for random reliabilityR. Then the Cumulative
Distribution Function (CDF) of the smallest reliitlyi value, 'R, can be expressed as

[Rao 1992]

1- F (r)= P(1R> r) “9)
=P('*R>r2R>r, VYR>1

Since thé™ smallest reliability valuesR (i = 1%, N), are identically distributed and
statistically independenthe CDF of the smallest reliability value becomes
F(r)=1-[+ Fe()] (4.10)
Bayesian reliabilityRg, is defined as the median value of the reliabiitstribution.
That is to say, Bayesian reliability is the solatiof the nonlinear equation in Eq.

(4.10) by settingF, (RB) =0.5.

R=F'1-y* F ()= F' 1 Y05 (4.11)

Based on this definition, the confidence level thé Bayesian reliability can be

calculated as
CP=1- F,(Ry)= 1 FR( Fl 1 \N/o.5} Yo (4.12)

Based on the above definition, Bayesian reliabdityalysis can be conducted
using the following numerical procedure as:
STEP1 Collect a limited data set for epistemic unceriagtwvhere the data size is

N.
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STEP2 Calculate reliabilitiesR) with consideration of aleatory uncertainties lat a
epistemic data points.

STEP3 Build a distribution of reliability using the Bethstribution in Eq.(4.6) with
aleatory and/or epistemic uncertainties.

STEP4 Construct the extreme distribution in Eq. (4.10%wthe Beta distribution
obtained in Step 3.

STEP5 Determine the Bayesian reliability using Eq.(4.11).

A mathematical example is used to help understhadchtimerical procedure of

Bayesian reliability analysis.

4.3 Sensitivity Analysis of Bayesian Reliability

The sensitivity analysis for Bayesian reliabilitythvrespect to design variables
must also be carried out for Bayesian RBDO. Digadtulation of the sensitivities of
Bayesian reliability follows a complicated matheiwalt derivation and
implementation and may encounter numerical singul¥oun and Wang 2008a],
thus a more simple way is sought. The idea comes fa one-to-one mapping
between Bayesian reliability and the mean valuheBeta distribution (the posterior
distribution) for reliability for a given samplezsi, R®=R®(M)) or Mi=M;(R®). The

transform between these two values is shown ire¢tjuation

1- C,= (+ ¢)'d 4.13
. B(p’q)q( q)' dg (4.13)

wherep= (N+2)M;, g=(N+2)(14M). Instead of Bayesian reliability, the correspowgdi
mean value of the beta distribution for reliabiktyd the sensitivity of the mean value

with respect to the design variables will be usaddiesign optimization. For a given
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sample size, the one-to-one mapping relates attBayeesian reliability to a single-
valued target mean value of the beta distribut@mréliability. Thus, satisfaction of
the target mean value of the beta distribution feliability always ensures
satisfaction of the target Bayesian reliability.

Suppose that the Beta distribution B&ab) is used to model reliability and its
mean valueM; =M; (R?), can be expressed as

M=—2_ =24 (4.14)
a+b N+2

The sensitivity of its mean value to design vaeadll can be expressed as

™, 1 9a

L= (4.15)

d, N+21d

From EQ.(4.6), Eq. (4.15) can be expressed as
™M 1 R, R, TR (4.16)

d, N+2 7d 1d 1d
The mean value of the reliabilityi =M; (R®) , can be converted to a reliability
index. Then, the sensitivity can be developedHerformat of the reliability indeg®
, whereb® =F *(M,) . Correspondingly, all reliabilities?,i=1,2,...N , can be
transformed into the reliability indiced; . The sensitivity of Bayesian reliability

index can be expressed as

67 _ M, /M, (4.17)
@ 1d, / 1 |

where

RN S (4.18)



Similarly,

™ _ 1 TR, TR T,

- (4.19)
Md,  N+2 b, 1d %, Td

where

B
R_TRI&_ 1 - (4.20)

d, 167 JV2» 1d

By substituting the sensitivity of reliability imsie‘ﬂbi/‘ﬂdj into Eq.(4.20), the
sensitivity of Bayesian reliabilityf|° / fd; , can be obtained as

(2]

e _e? MG h

_ (4.21)
ﬂdj N +2 k=1 ﬂd]

4.4 Bayesian Reliability-Based Design Optimization

4.4.1 Guideline of target Bayesian reliability

This section provides a guideline to set targelbdity in Bayesian RBDO,
which depends on a data size of epistemic uncéidgainBased on this definition,
Bayesian reliability is then a function of useridefl confidence level and the
reliability distribution, which is a function of ¢hsample size of the epistemic
uncertainties,N. To enable Bayesian RBDO with this flexibly defin®ayesian
reliability, the target Bayesian reliability muse ladetermined appropriately. Target
reliability must depend on the data size of epigtaimncertainties. With few data for
uncertainties, setting target reliability to 99.9% not possible. Although high

reliability is achieved through RBDO, the confideraf reliability will be extremely
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low. To determine the appropriate target Bayesiahability for the design
optimization purpose, the maximum Bayesian religbiwhich can be possibly
obtained has the following relationship with themndefined confidence levél, and

sample sizé\ as

1= 1 va rypar (4.22)
o Betal+ N1

Thus, the maximum Bayesian reliability is a funot@f user-defined confidence level
and the sample siZ¢ as
RE™=F;'(1- C,) whereR ~Betd ¥ N} (4.23)
Figure 4-3 shows the maximum Bayesian reliabilifthwespect to different sample
size and confidence levels.
If the confidence level in Eq. (4.23) is choseméd/0.5, the maximum Bayesian

reliability can be defined for a given sample sazse

RI™ = FF;l(l- Wo_.5): median F; (1) (4.24)
As shown in Fig. 4-4, with the increase of the slensize,Ps™* rapidly rises to 90%
and then slowly increases. Target reliability mhetset lower than the maximum

Bayesian reliability for a given data size. Forragde, the target reliability with 50

data for epistemic uncertainties must be lower 9.
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4.4.2 Formulation and procedure of Bayesian RBDO

Knowing that both aleatory and epistemic unceri@snexist in the system of
interest, Bayesian RBDO can be formulated as

minimize C X, X.d )
subjecttoR, G X, X.d £ O3F 4, ), F 1 np (4.25)

d"£d£d” ,dl R® anX] R*X, R*®
where Pg(Gi(X4, Xe; d) £0)=Rg; is Bayesian reliability wher&;(X, Xe;d) £ 0 is
defined as a safety evel@{X, Xe;d) is the objective functiord = mfX) is the design
vector; X,and Xeare the aleatory and epistemic random vectorseotisply; & is a
prescribed target Bayesian reliability index; amind, na, andne are the numbers of
probabilistic constraints, design variables, alsatandom variables, and epistemic
random variables, respectively.

Based on the discussion in the previous sectidms, procedure of Bayesian
RBDO is presented in Fig. 4-5. The Bayesian rditgbanalysis in the left shaded
box calculates the Bayesian reliabilities as wslltlzeir sensitivities, which require
reliability analyses at all epistemic sample pairfisr instance, the probabilistic
constraints at any data point for epistemic una#iés become functions of only
aleatory uncertainties and then the existing réligbanalysis methods (FORM,
SORM or EDR method, etc.) could be used for rdiigtand its sensitivity analyses.
Thus, one Bayesian reliability analysis engageaabidity and its sensitivity analyses
N times. This is why Bayesian RBDO could become agpe and thus more
investigation must be made to reduce its computatieffort. Once the cost function,

Bayesian reliability, and their sensitivities aremputed, design optimization is
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conducted in the right shaded box in Fig. 4-5.sliclear from the flowchart that

Bayesian RBDO completely integrates Bayesian riditylanalysis to RBDO.

Get samples for
epistemic
uncertainties

v

Set target

Bayesian Reliability ; -
Analysis Bayesian reliability
s N .
Reliability analysis DSSI n
w/ Aleatory \ 4 pt.
Uncertainty

Cost analysis |«

v ¥

Bayesian reliability

analysis Constraint analysis
+ + Update
o . design
Sensitivity analysis Desi il
for Bayesian oesign =k
reliability > optimization
. o /

End

Figure 4-5:Bayesian RBDO flowchart

4.5 Case Studies

In this section, three case studies are presemtedemonstrate the proposed
Bayesian reliability analysis and Bayesian RBDO.e Tiirst case study is the
Bayesian reliability analysis for a vehicle doost®mn with consideration of customer
satisfaction of door closure performance and thstemic random input variables. In

the second and third case studies, the vehicle rlmoatrol arm and the power
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transformer winding joint are designed with considien of epistemic loading

variables.

4.5.1 Bayesian reliability analysis for a vehicteod system

The problem used in this case study is the body-gystem of a passenger
vehicle, as illustrated in Fig. 4-6. The vehicledsystem is of special concern due to
its frequency of use and its engineering challemgbk respect to design, assembly,
and operation. Variation exists in the CLD (Compi@s Load Deflection) response
of the seal, the gap between the body and doavelss in attaching the door to the
car body. Besides the presence of variation, thepéexity of the system is high due
to the nonlinear seal behavior and the dynamiaof closing. The detail of vehicle
door system regarding the problem description,ufaimechanism specification,
physical model creation and response surface can&tn can be found from Ref.
[Kloess et al. 2004]. The performance measure t&glen this study to assess one
aspect of door system design is the door closifaytefThe measurable quantity for
this performance measure is the door closing vloéi response surface for door
closing velocity was created based on results fphysics-based models and the
performance evaluation criteria were deduced fromh lexpert opinions and voice of
the customer information.

For the door system example in this study, 26 ramagut variables are used to
specify the uncertainty of the system. Within th@8erandom input variables, listed
in Table 4-1 Xs, Xs, X7, X25 and Xy are aleatory variables which, for this example, ar
assigned uniform distributions on different thrddhealues as shown in the table.

Except for these five random input variables, Hileos are epistemic variables with a
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total of 79 sets of measurement data. For illusegiurpose, these epistemic data are

partially listed in Table 4-2.

Table 4-1: Random variables and descriptions fegtacle door system

Variable . Variable
Name Description Type

X1 UHCC- Upper hinge location in cross-car directionEpistemic
X2 LHCC- Lower hinge location in cross-car direction Epistemic
X3 LATCC-Latch location in cross-car direction Episie

X4 LATUD-Latch location in up-down direction Epistemni
Xs Primary seal CLD property factor U(0.7, 1.3)
Xe Auxiliary seal CLD property factor U(0.7, 1.3)
X7 Cutline seal CLD property factor U(0.7, 1.3)
Xg~X24 Primary Seal Margin Regions 1~17 Epistemic
X2s Auxiliary Seal Margin U(-1, 1)

X26 Cutline Seal Margin U(-1, 1)

- LATCC
Latch: ATUD

Margins
CLD Properties

Figure 4-6:Vehicle Door system
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Table 4-2: Data for epistemic random variableshefiehicle door system

Data
Variables

Setl Set 2 Set3 Set4 Set5 Set 79
X1 1.62 2.29 1.58 1.58 1.19 2.16
X2 2.82 2.49 1.8 2.1 2.03 1.355
X3 2.555 2.1 1.82 1.67 1.75 1.35
X4 -0.38 -0.35 -0.01 -0.01 0.61 -0.61
Xs 1.655 1.235 1.015 0.715 0.71 0.559167
Xo 1.0775 0.7725 0.5925 0.2825 0.115 0.39875
X10 0.5 0.31 0.17 -0.15 -0.48 0.238333
X11 1.24 0.74 0.426667 0.113333 -0.23 0.955
X12 -0.27 -0.31 -0.28 -0.66 -1.29 0.278333
Xi3 0.03 0.16 -0.205 -0.29 -1.02 0.1125
X14 0.33 0.63 -0.13 0.08 -0.75 -0.05333
X1s 0.5 0.79 0.06 0.22 -0.76 0.135
Xi6 0.89 1.01 0.87 0.27 -0.63 0.24
X17 0.27 0.51 -0.01 -0.21 -1.565 0.233333
X1s -0.35 0.01 -0.89 -0.69 -2.5 0.226667
X19 -0.35 0.01 -0.89 -0.69 -2.5 0.226667
X20 -0.44 -0.53 -1.27 -1.55 -2.93 -0.37667
X1 -0.44 -0.53 -1.27 -1.55 -2.93 -0.37667
X22 0.16 -0.03 -0.7125 -0.8625 -1.6825 0.12375
Xos3 0.76 0.47 -0.155 -0.175 -0.435 0.624167
X24 1.49 0.91 0.56 0.27 0.91 0.535
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Modeling of the Marginal Velocity

The marginal velocity which serves as the critasfathe door performance
evaluation is modeled by using the Bayesian updat@thnique based on expert
opinion and the customer data. From a hypothegixpeért, the door closing velocity
values for customer satisfaction should be, fomgda, within the range of 0 m/s to
Vmax M/S. Customer survey regarding the door closirlgcity can be carried out by
using the direct customer survey method [Winkle67,9Spetzler et al. 1975;
Wallsten and Budescu 1983] and illustrative resuwsich show the Customer
Rejection Rate (CRR) versus the door closing velotmormalized by M.y are
shown in Fig. 4-7. For the modeling of the margwmalbcity, CRR can be treated as
the probability of the marginal velocity being steakthan a giverm or CRR= P(vp,

a) wherevy, is a random marginal velocity and a is within ¥Q. based on expert
opinion.

The procedure of marginal velocity modeling canboefly summarized into
three steps. First, based on the customer dataBayesian inference model should
be specified. For example, if the Bayesian normmdérence model is used, the
marginal velocity will be modeled as the mean valtithe normal distribution which
is the conjugate distribution for this model. Satolbased on the selected model, the
CDF analysis can be carried out for the CDF/ Véjodata. After completing this
analysis, the CDF data are then transferred tonpetex data for the distribution.
Third, with one prior distribution assumed, Bayesigdating can then be carried out
with sets of parameter data. In this study, theeBan normal inference model is

used and the marginal velocity is modeled as thenmalue of a Normal distribution.
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Figure 4-8 shows the Bayesian updating processhimmmodeling of the marginal

velocity with three clinic survey data. The detaflthe marginal velocity modeling

process can be found in Ref. [Youn and Wang 20D®jough the Bayesian updating,

the CDF of the final Bayesian mod#l,(0.5946, 0.035%, is used as the distribution

for the marginal velocity.
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Bayesian Reliability Analyses for a Vehicle Doosgm

Based on the marginal velocity PDF created, Bayesaability analysis is then
carried out for the door closing effort problem lwiboth aleatory and epistemic
uncertainties. For a given set of input values, peeformance response can be
obtained from the response surface created basetheomphysical model. Since
Bayesian reliability analysis requires the prohatd performance evaluation for
each set of epistemic data, two different approgscMCS and EDR method, are
employed to calculate the reliability.

First, for each set of epistemic data, direct ME83ed to carry out the reliability
analysis. For each aleatory variable (including vaeiable of marginal velocity),
10,000 random samples are generated and used f&. W&ble 4-3 shows the 55
reliabilities corresponding to the first 55 setsepistemic data. Based on Table 4-3,
we carried out the Bayesian reliability analysisd aabtained the reliability
distribution as Beta53.524, 3.476). Then by the Bayesian reliabilitfinition
described in Section 4.2, the extreme distribubéithe smallest value for the Beta
distribution is constructed and the Bayesian rditghs realized as 0.849185. Figure
4-9 (a) shows the Beta distribution, extreme distiion and the Bayesian reliability
value using MCS. With 24 new data sets involvedtier epistemic random variables
the Bayesian reliability is updated. The updatetialvdity distribution is Beta
(77.1869, 3.8131and the Bayesian reliability is updated from thigioal 0.849185
to 0.880935. Table 4-4 shows the reliabilities esponding to each set of the new
involved data. Figure 4-10 (a) shows the updateda Bdistribution, extreme

distribution and the Bayesian reliability using MCS
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As we can see from the Monte Carlo Simulation methbe reliability analysis
for each set of epistemic data can require a largeunt of response performance
evaluations depending on the simulation sample (gizthis case 10,000). In order to
make the calculation of the Bayesian reliabilityren@fficient, the EDR method is
used for the probability calculation for each sétepistemic data. By using EDR
method, the total number of the response performawaluation is reduced from
10,000 to 2n+1=13. Based on the marginal velocid{ Rreated in subsection 1, the
reliability R, of a certain designXg, X&) can be formulated d& = Pr [V(Xa, X&) — Vit

0] whereV(Xa, X€) is the performance velocity variable correspogdin a certain
design Ka, X€), Xa is the aleatory variable set axe s theith set of epistemic data,
andVt is the marginal velocity. Totally 55 different is#ilities corresponding to 55
different sets of epistemic uncertainties are rzedlias shown in Table 4-5. Based on
these results, the reliability distribution is dbed as Beta (53.5076, 3.4924) from
Bayesian inference. Then by the Bayesian religbititefinition, the extreme
distribution of smallest value for the Beta distitibn is constructed and the Bayesian
reliability is realized as 0.848752. Figure 4-9 ¢hpws the Beta distribution, extreme
distribution and the Bayesian reliability using th®R method. With 24 new data
sets involved, the Bayesian reliability is updat€de updated reliability distribution
is Beta (77.1567, 3.8433)nd the Bayesian reliability is updated from theioal
0.848752 to 0.880363.able 4-6 shows the reliabilities correspondingéach set of
the new involved data. Figure 4-10 (b) shows theatgd Beta distribution, extreme

distribution and the Bayesian reliability using B8R method.
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A comparison of the results from using the two atié#it probability analysis
approaches shows that the EDR method maintains gooagracy and at the same
time provides a higher computational efficiency ganed with MCS. From the
analysis results obtained with both MCS and the Ebd®hod, two points are clear:
first, Bayesian reliability increases with the iease of the reliability value
corresponding to each set of epistemic data; ségonbe updated Bayesian
reliability increases with the addition of more ®pmic data into the Bayesian
reliability analysis. This is because the Bayesiability represents not only the
design uncertainty of the system but also the tacwy due to the limiting
information represented by the epistemic unceilitEntAs more data is involved, a
better understanding of the characteristic of epigt uncertainties can be expected
and consequently a higher Bayesian reliability banrealized. Also, the Bayesian
reliability analysis approach proposed in this elitstion offers a convenient and
effective method for the performance evaluatiorthe&f problems involving several

different types of uncertainty and where uncertadi@ta are continuously collected
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Table 4-3: 55 reliabilities corresponding to pseemic data sets (by MCS)

Data Data Data Data Data
Set Rel. Set Rel. Set Rel. Set Rel. Set Rel.
1 09973 12 1.0000 23 0.9987 34 09995 45 0.9988
2 1.0000 13 0.9993 24 0.9970 35 0.9998 46 0.2703
3 09993 14 1.0000 25 1.0000 36  0.9999 47 0.9987
4 09945 15 1.0000 26 0.9951 37 0.9999 48 1.0000
5 08265 16 1.0000 27 0.9970 38 0.9974 49 0.9955
6 09996 17 0.9999 28 0.9899 39 09977 50 0.9937
7 09985 18 0.9991 29 0.9998 40 09918 51 0.9918
8 1.0000 19 0.9999 30 1.0000 41 09007 52 1.0000
9 1.0000 20 0.9993 31 0.9993 42 09976 53 0.9994
10 1.0000 21  1.0000 32 1.0000 43 09778 54 0.2109
11 1.0000 22 0.9999 33 0.9963 44 09730 55 0.4436
Table 4-4: 24 reliabilities corresponding to Z24wdata sets (by MCS)
Data Data Data Data Data Data
Rel. Rel. Rel Rel Rel Rel
Set Set Set Set Set Set
1 09929 5 0.9993 9 0.9996 13 0.8864 17 1.0000 21 0.9842
2 0.9999 6 0.9994 10 0.9989 14 1.0000 18 1.0000 22 0.9866
3 0.9995 7 0.9996 11 1.0000 15 0.9963 19 1.0000 23 0.9998
4 0.9993 8 0.9999 12 1.0000 16 0.9240 20 0.8973 24 1.0000
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Table 4-5: 55 reliabilities corresponding to fiseemic data sets (by EDR)

No. No. No. No. No.
Data Rel. Data Rel. Data Rel. Data Rel. Data Rel.
Set Set Set Set Set
1 0.9978 12 1.0000 23 0.9991 34 0.9998 45 0.9993
2 1.0000 13 0.9997 24 0.9976 35 0.9998 46 0.2642
3 0.9996 14 1.0000 25 1.0000 36 1.0000 47 0.9992
4 0.9953 15 1.0000 26 0.9963 37 1.0000 48 1.0000
5 0.8243 16 1.0000 27 0.9977 38 0.9982 49 0.9963
6 0.9998 17 0.9999 28 0.9893 39 0.9984 50 0.9944
7 0.9991 18 0.9995 29 0.9998 40 0.9917 51 0.9915
8 1.0000 19 1.0000 30 1.0000 41 0.8938 52 1.0000
9 1.0000 20 0.9996 31 0.9996 42 0.9984 53 0.9997
10 1.0000 21 1.0000 32 1.0000 43 0.9755 54 0.2070
11 1.0000 22 0.9999 33 0.9971 44 0.9702 55 0.4394
Table 4-6: 24 reliabilities corresponding to 24 raata sets (by EDR)
Data Data Data Data Data Data
Rel. Rel. Rel. Rel. Rel. Rel.
Set Set Set Set Set Set
1 0.99285 0.99969 0.999813 0.881417 1.000021  0.9835
2 0.99996 0.999710 0.999314 1.000018 1.000022  0.9867
3 0.99977 0.999811  1.000015 0.996919  1.000023  0.9999
4 0.99968 0.999912 1.000016 0.919020 0.891524  1.0000
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(a) by MCS, (b) by EDR

4.5.2 Lower control arm design problem

In this case study, Bayesian RBDO is performed d¢oweer control arm for the

High Mobility Multipurpose Wheeled Vehicle (HMMWV)Vehicle suspension
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systems experience intense loading conditions firout their service lives. For the
purpose of validating the Bayesian RBDO method MIMWIVV lower control arm is
presented as a case study.

The lower control arm is modeled with plane stredesnents using 54,666 nodes,
53,589 elements, and 327,961 DOFs, where all waaldanodeled using rigid beam
elements. For FE and design modeling, HyperWorRsis’used. The loading and
boundary conditions for this case study are showirig. 4-11, where loading is
applied at the ball-joint (Point D) in 3 directigrend the boundary conditions are
applied at the bushings (Points A and B) and tlelsiabsorber/Spring Assemble
(Point C). Due to a lack of data, the loads aresmered as epistemic random
variables. The design variables for this problam the thicknesses of the seven
major components of the control arm, as shown ig. B-12. The statistical
information of these components, shown in Table, 4s7well known, and these
random parameters are therefore considered agpleariables in Bayesian RBDO.

To determine the hot spots (high stress conceotigtiin the model, which are
used to determine the constraints, a worst cagedoeanalysis of the control arm is
performed. For this worst case scenario, all #sgh variables are set at their lower
bounds as shown in Table 4-8, and all the loadsetrat their highest values attained
from the epistemic data points.

From the worst case scenario, thirty nine condsa@; to Gzg) are defined on
several critical regions using the von Mises stnedsig. 4-13. For those constraints,

Bayesian reliabilities are defined as

R (X, X, d) = PB(G.(X):%-E 0) (26)
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The PDFs for reliabilities at the critical spotse agstimated using Bayesian
inference. Four representative PD&;, (G,4, G35 and Gzg) are plotted in the dotted
curve in Fig. 4-14 to Fig. 4-17. The extreme dmittions (solid curves) of the
reliability PDFs are presented in the figures. Thedian values of the extreme
distribution are then defined as the Bayesian lbéiiees for different constraints
which are also plotted in Fig. 4-14 to Fig. 4-1/Aeadical dash lines. As illustrated in
these figuresi; andGss (the most critical spots at the current desigmf)aire much
less reliable thas.s andGsg. This observation is consistent with a stressaamin
Fig. 4-13, since the stresse€dnandGss are extremely high. When a target Bayesian

reliability is set to 90%(5; andGss are violated but others are inactive.

Table 4-7:Random properties in lower control Arm model

Random Lower Bound

Variable PV Mean Std. Dev. Dist. Type
X1 0.1 0.12 0.006 Normal
X2 0.1 0.12 0.006 Normal
X3 0.1 0.18 0.009 Normal
Xq 0.1 0.135 0.00675 Normal
X5 0.15 0.25 0.0125 Normal
Xe 0.1 0.18 0.009 Normal
X7 0.1 0.135 0.00675 Normal
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Figure 4-11: Three loading variables Figure 4-12: Seven thickness variables
(Epistemic) (Aleatory)

Figure 4-13: 39 Critical constraints of the lowentrol A-Arm model
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Figure 4-16: Bayesian reliability f@dss Figure 4-17: Bayesian reliability f@3ss

The control arm is now used to demonstrate BayeRBDRO. In this example,
seven thickness design variables are consideredlesgory random variables,
whereas three load variables (not design variabdes) considered as epistemic
random variables. 50 data sets are employed foepistemic loads during Bayesian
RBDO. These samples are randomly generated usiagasisumed distributions
shown in Table 4-8. The properties of the desigshr@andom variables are shown in

Table 4-9.

Table 4-8:Assumed random properties for epistemic unceresnti

Epistemic Variable Distribution
Fx ~ Normal(1900, 95)
Fy ~ Normal(95, 4.75)
F, ~ Normal(950, 47.5)
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Table 4-9:Random properties in lower control A-Arm model

Raerom d x=d " Std. Dist.

Variable (Mean) Dev. Type

X1 0.1 0.120 0.5 0.00600 Normal
X2 0.1 0.120 0.5 0.00600 Normal
X3 0.1 0.180 0.5 0.00900 Normal
X4 0.1 0.135 0.5 0.00675 Normal
X5 0.15 0.250 0.5 0.01250 Normal
X 0.1 0.180 0.5 0.00900 Normal
X7 0.1 0.135 0.5 0.00675 Normal

With 39 constraints, Bayesian RBDO is formulated as

Minimize Mass
Subject toP, G X ):%- L R OF & ) 1 C (27)

In this study, target reliability is set Ry;' = 90%. Ten design iterations reach the
Bayesian reliability-based optimum design. Thedriss of the design parameters,
objective function, and the Bayesian reliabilities significant constraints are shown
in Table 4-10, Fig. 4-18 and Fig. 4-19. At the optm design, three constrain(;,
Gss and Gsg, become active and others are feasible. Figur2@ dnd 4-21 illustrate
the reliability PDFs and Bayesian reliabilitiestla¢ optimum design fo&:, Gys, Gss
and Ggzg, of which the PDFs at the initial design are showfrig. 4-14 to Fig. 4-17.
The stress contours and the hot spots for thelrdgsign and optimum designs are

shown in Figs.4-22 and 4-23.
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Finally, the Bayesian reliability-based optimum idesis verified by MCS with
10,000 samples. In this verification, three episteload variables are assumed to
follow the distributions in Table 4-8. At the optimm design, reliabilities foG;, Gss
andGsg are 98.85%, 99.15%, and 98.6%. The sufficiencyireqent assures higher

reliability than the target reliability, 90%.

Table 4-10 Bayesian RBDQ@lesign history for lower control arm design

Design Design

Iteration X1 Xo X3 X, Xs X Xy Mass

1 0.12 0.120 0.180 0.135 0.25 0.180 0.135 30.76
2 0.10 0.100 0.109 0.307 0.15 0.500 0.100 37.04
3 0.10 0.143 0.143 0.100 0.15 0.500 0.100 26.70
4 0.10 0.144 0.153 0.107 0.15 0.242 0.500 28.013
5 0.10 0.137 0.153 0.141 0.15 0.500 0.100 29.64
6 0.10 0.138 0.157 0.151 0.15 0.500 0.100 30.51
7 0.10 0.138 0.156 0.156 0.15 0.500 0.100 30.84
8 0.10 0.137 0.156 0.158 0.15 0.500 0.164 31.01
9 0.10 0.137 0.156 0.160 0.15 0.500 0.156 31.11

10 (optimum) 0.10 0.137 0.1559 0.1598 0.15 0.50Q7D. 31.13
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Figure 4-22:Element stress contour f@ss

(a) at the initial design and (b) at the optimum design
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Figure 4-23:Element stress contour f@szg

(a) at the optimum design and (b) at the initiadige

4.5.3 Power transformer winding bolt joint design

Power transformers are among the most expensivaeeals of high-voltage
power systems. The power transformer vibration @eduby the magnetic field
loading will cause the windings support joint loosg or the fatigue failures, which
will gradually increase the vibration amplitudetbé winding and eventually damage

the core. This case study aims at employing thpgseed efficient Bayesian RBDO to
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design the bolt joints for the power transformeaiiagt the fatigue failure. A validated
power transformer bolt joint model is accomplisiethe finite element analysis tool
ANSYS 10 and shown in Fig. 4-24, together withdhebal power transformer model
in which one of outside wall is concealed so thatihner structure can be presented.
The detail of the winding bolt joints is shown imgF4-25 from different viewing
angles, with which the windings of the power tramnsfer are assembled with the
bottom fixture. The transformer is fixed at the tbat and the vibration load is
applied to the magnetic core with the frequenc$20 Hz. The random variables and
the statistical information for this case study bsted in Table 4-11, with 6 design

variables as aleatory uncertainties and 3 episteariables.

AN

JAN 21 2010
02:13:59

ELEMENTS

TYPE NUM

(@) (b)

Figure 4-24: A power transformer and bolt joint FEdels

(a) Power Transformer Global Model without Coverigll, and (b) A Bolt Joint
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(@)

(b)

Figure 4-25: Winding support bolt joint,

(a) side view, (b) bottom view

Table 4-11Random variables and statistical information fangformer joints

Random

Descriptions

variables

Information

Dist. Low Upper
Type BoundBound

X1
Xo:

Design VariableXs:

(Aleatory X4
Uncertainties)

I-Beam Thickness

Support Hinge Height
Support Hinge Inner Radium

. Support Hinge Outer Radium

Xs: Angular width of the

5.

Xe:

Support Hinge

Bolt Joint Stud Radium

N(d, 0.7) 5 10
N(d, 0.2) 5 10
N(ds, 2) 40 50
N(ds, 2) 65 75

N(ds, 0.2) 5 10

N(ds, 0.0%) 05 1.5

X7

Epistemic
Uncertainties

Xo:

X directional dynamic loadingj
Xg: Y directional dynamic loadingy

Z directional dynamic loading,

50 data samples
50 data samples

50 data samples
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In this study, the response value being attainedutih the fatigue analysis is
cumulative fatigue damage ratid3,= designed life/fatigue life, where the designed
life is 15 years, and the structure is safe forgéet whenD is less than 1. The
designed fatigue life is projected to the critisttess range during the cyclic loading
due to the magnetic field applied on the windingeso The power transformer bolt
joint contact surface is simulated with the strelgments in between two contact
surfaces and 27 design constraints are identifiezigh an initial simulation run, as
shown in the Fig. 4-26. The objective of this dasgroblem is to minimize the
overall weight (Volume) of the transformer jointstlw27 fatigue constraints as hot
spots identified in Fig. 4-26. The Target Bayesiahability is set to 90% with a
confidence level of 95%. Bayesian RBDO is appliedids design problems and the
Bayesian reliability-based optimum design is redcladter totally 29 design
iterations. The histories of the design parametetgective function, and the
Bayesian reliabilities for significant constraimtise shown in Table 4-12, and Figs. 4-
27. At the optimum design, two constrain@;, and Gii which are two hot spots
located at the end of two bolt studs, become aetneeothers are inactive.

As is shown in the Table 4-12 and Fig. 4-27 (ag,ttital volume of the joint has
been substantially reduced compared with the Indesign. With a user defined
confidence level of 95%, the maximum Bayesian Rélig can be reached with 50
data samples is 0.9430. As is shown in Fig. 4-2(® Bayesian reliabilities at the
optimum design are equal or close to this maximuayeBian reliability for most of
constraints except two active ones. Due to the coatpnal expensiveness, Bayesian

RBDO is only carried out with 95% confidence levelowever, it can produce
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different optimum designs based on different usdmeéd confidence levels and
target Bayesian reliabilities. This case study destrates the effectiveness and
applicability of the proposed Bayesian RBDO methogg on complex engineering

design applications.

Figure 4-26: 27 Design constraints selected basdteinitial simulation results

Table 4-12Design history of the power transformer joint cagely

Design

. do ds dy ds de Volume
[teration

Initial Design 6.000 6.000 45.000 70.000 8.000 @.0011825.096

1 5.000 7.110 48.000 67.000 5.000 0.500 10854.665
2 5.000 7.091 47.250 67.750 5.750 0.641 11026.164
3 5.000 7.484 48.000 67.000 5.000 0.570 10895.410
25 5.000 6.702 47.990 67.047 5.010 0.585 10825.283
26 5.000 6.738 47.984 67.047 5.015 0.584 10829.502
27 5.000 6.756 47.982 67.047 5.017 0.584 10831.616
28 5.000 6.765 47.980 67.047 5.019 0.584 10832.673

29(Optimum) 5.000 6.763 47.997 67.047 5.000 0.584082%9.601
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Figure 4-27: Design process of the power transfotoédt joint case tsidy:

(a) objective function, and (b) Bayesian reliakaht for five constraints

4.6 Summary

Practical engineering analysis and design problemwslve both sufficient
(aleatory) and insufficient (epistemic) data foeitlrandom inputs, such as geometric
tolerances, material properties, loads, etc. Camwesd RBDO methods cannot
handle the design problems that involve both aftgatmd epistemic uncertainties
simultaneously. To tackle such design problemseBayn RBDO has been proposed.
In this design framework, (1) the Bayesian binomi#kerence model has been
employed for the reliability modeling; (2) Bayesiagliability is uniquely defined for
the design purpose with a user provided confiddeel; (3) an innovative way of
the sensitivity analysis for Bayesian reliability developed to avoid complicated
mathematical derivation and potential numericalgslarities; and (4) the EDR

method is integrated with Bayesian RBDO for Bayesialiability analysis to
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improve its efficiency and accuracy. Three engimgecase studies are employed to
demonstrate the Bayesian reliability analysis pdoce and the developed Bayesian
RBDO methodology. In these case studies, the rangarameters related to
manufacturing variability and material propertie® aonsidered as the aleatory
random parameters, whereas the random parametecsisied with the load

variability are regarded as the epistemic randomarpaters. It is found that the
Bayesian RBDO framework can be generally applieegngineered system design
problems in the presences of both aleatory andespis uncertainties, where the
conventional RBDO model can be viewed as a spemsk for the developed
Bayesian RBDO methodology. In addition, the EDR huodt enhances numerical

efficiency and accuracy for Bayesian RBDO.
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Chapter 5: Sensing Function Design for Structutellth
Prognostics

With the technical developments presented in prtevibwo chapters, system
reliability for a given engineered system can beessed within a general CIM
framework; moreover an engineered system can bgraEbsto satisfy given target
reliability levels using the developed Bayesian RBf2chnique. So far the work has
been mainly focused on addressing the reliabibigué in the system design and
manufacturing stage. Thus, Ch.5 and Ch.6 will foocasthe reliability issue of an
engineered system in the system operation stage.chlapter presents the research
solution to the third challenging question, asadtrced in Chapter 1, which is how
sensor networks can be designed to effectively taporsystem health degradation
under highly uncertain operational conditions. mstchapter, a generic sensor
network (SN) design framework based on a probaiilidetectability measure is
developed. Section 5.1 defines the detectabilitpsuee for a given SN, Section 5.2
presents the detectability analysis, and the ger&\i design is proposed in Section

5.3.

5.1 Detectability of a Sensor Network

In the proposed SN design framework, a set of hestittes, denoted &S, i = 1,
2,..., Ngs, will first be identified based on critical faieiimodes for the system under
consideration and their combinations. The correteation of each health state is

then defined in a probabilistic form to measuregbgormance of a given SN design.
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This yields a probability of detection (PoD) matiax a given SN design, from which

the SN detectability can be derived.

5.1.1 Probability of Detection Matrix

The general form of a PoD matrix for a given SNigiess shown in Table 5-1,
where thePj is defined as the conditional probability that Steuctural system is
detected to be at theS by the SN given the system is at tH&. Clearly, P;
represents the probabilistic relationship betwdenttue health state of the system
and the detected health state by the SNs. Matheagtiit is expressed as

P; = Pr (Detected adS| System is &ltlS) (5.1)
The diagonal term in the PoD matrix represents phebability of correct

detection for each corresponding system healtk.stat

Table 5-1: Probability of detection (PoD) matrix

Detected Health State
Probability
1 2 Nis
1 Pll Plz PlNHS
True Health 2 Py Py, PZNHS
State
NHS PNHS]— PNH52 aaa PNHSNHS

5.1.2 Detectability Measure

Based on the PoD matrix, the detectability meauréhei™ system health state

HS is defined as
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Di =P = Pr (Detected adS | System is atlS) (5.2)
The above detectability definition provides a ptaubstic measure for the SN
performance considering uncertainties involvedhi@ SN sensing process, such as
material properties for structural systems, loadiognditions and operating
environments. Based on this definition, the diagoeans in the PoD matrix, which
represent the probabilities of correct detection foedefined health states, will
determine the overall SN performance, and thus ttotes Nys number of
performance constraints on the detectability durthg SN design optimization
process. Since the detectability measure involNes ¢omputation of multiple
conditional probabilities, an efficient and acceratethod must be developed for the

detectability analysis.

5.2 Detectability Analysis

Since the detectability is defined as a probamilisteasure for the performance of
a SN, the detectability analysis thus needs to tatkeaccount various uncertainties
involved in the structural system itself and/or system operating condition as well.
This section will present the detectability anadysiethod based on the structural
simulation and system health state classificatidre rest of this section will begin
with a mathematical example of detectability cadtioh. Valuable information will
be derived from the discussion of the example, taeddetectability analysis method

will then be presented.
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5.2.1 An Introductory Example

In this example, suppose that only one sensor béllused for the damage
detection. For a healthy condition (Health Statel3,), the sensor output is assumed
to follow a normal distribution a®l (0, 0.5), whereas the distribution of sensor
output will be changed tNl (1, 0.8) if there is a minor damage in the system (Health
State 2,HS). If there is a severe damage in the system (Hesthte 3HS;), the
sensor output will further increase and follow amal distribution asN (5, ). In
what follows, we will find out the detectability s for all three defined health
states based on the available information.

To calculate the detectability measure for eachtlmestate, it is necessary to
classify any given sensory data into one of thedhhealth states. This can be
accomplished simply by defining the normalized afise between the sensory data
and the center data point for each health stat,cansequently the given set of
sensor point will be classified into the healthestahich has the smallest normalized
distance. In this example, the neutral pofat, betweenHS, and HS can be

calculated as

Xi2-0_F X, (5.3)
0.5 0.8

which providesX;»,= 0.3846. Similarly, the neutral poid.; betweerHS, andHS;

can be calculated as

X,,-1_5 X,,

0.8 1 ®-4)

which providesX,3= 2.7778. Figure 5-1 shows the sensor outputs ardift health

states X;.,, andXs._a.
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Sensor Output

Figure 5-1: Sensor outputs and neutral points batviealth states

Based on the definition in Eqg. (1), the detectgbitif each health state in this
mathematical example can be calculated as

D, = B, =Pr(Detected ablS, | System istd§

= Pr(x £ X, X ~N( 0,05)) (5.5)
=0.7791

D, =P, =Pr(Detected ablS, | System istd§
=Pr(X,, £XE X, ;| X ~N(1,0.8)) (5.6)
=0.7660

D, = P,; =Pr(Detected aBlS, | System istd§
=Pr(X 2 X, ,|X ~N(51)) (5.7)
=0.9869

From the analytical calculation of the detectapititeasure in the example above,
it is clear that the classification of the healtates and the statistical distributions of
sensor outputs are crucial for the SN detectab#ihalysis. However, in most
engineering applications, an SN is always compas$edultiple sensors and required

to deal with much more than three different hestdtes. Consequently, the analytical
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analysis of SN detectability through the calculatef neutral points between health
states becomes practically impossible. Besides,sthtstical distributions of all

sensors’ outputs for all health states are usumaltyavailable. Instead, only a finite set
of sensory data might be available as training d&tato characterize the sensor
output for each system health state. Thus, a napkigticated health state classifier,
which should be able to classify any given set afthdlimensional sensory data into
multiple different system health states based onita set of training data, is needed
for the SN detectability analysis. In this studiie tMahalanobis distance (MD)

classifier is employed for this classification posp.

5.2.2 Mahalanobis Distance Classifier

The Mahalanobis distance provides a powerful metifadeasuring how similar
one set of sensor output data is to another preztefet of training data, and can be
very useful for identifying which predefined headtfate is the most similar one to the
current system health state for the purpose oh#dadth state classification. The MD
classifier quantitatively measures the similarigtvieeen a given sensory data set and
the training data sets for tif system health state through the MD, expressed as

MD, =(X - M,)'S*(X- M) (5.8)
whereX is the given sensory data set to be classifikds the vector of mean values
of the training data set fd#S, andSis the covariance matrix of the training data set
for HS. The given sensory data set will be classified thg classifier into a
predefined system health state that gives the estaMD, or in other words the
highest similarity. The following mathematical exalsn demonstrates the system

health state classification using the MD classifier
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In this example, two sensors are used and fouesybealth states including one
healthy staté1S, and 3 faulty stateldS, to HS, are predefined with 10 sets of data for
each health state as the training data sets asnsimoWable 5-2. To demonstrate the
MD classifier, there are 5 sets of sensory dat#oial, as shown in the first two
columns of Table 5-3, need to be classified inte ohthe four predefined health
states. Using the MD classifier, the MDs for eaehssry data set can be calculated
with the training data set shown in Table 5-2 udtag (5.8). The MD values together
with the classified system health state for eacis®® data set are also shown in
Table 5-3.

Based on the above procedure, the PoD matrix caevh@iated as follows.
Suppose that there are totallynumber of testing sensory data setsH&, and in
which after the classification proceggsets classified intél§, wherei, j = 1, 2, ...,
Nhs, then based on the definition of the PoD matiie probability of detectioR;

can be approximately calculated as

(5.9)

n
|

Besides, since one set of sensory signal will definbe classified into one of the

predefined\s health states, thus,
T =T (5.10)

Eqg. (5.10) Indicates that the summation of each abtihe PoD matrix equals to one.

Similarly, the detectability foHS can be obtained as

T,
D =P L 5.11
T (5.11)
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Table 5-2: Characteristic data for system heaéitest

HS HS HS HS,

S S S S S S S S
-0.22 -0.09 1.15 -1.20 1.20 -2.51 -1.00 1.28
-0.83 0.36 0.33 -0.66 2.13 -1.69 -1.16 0.87
0.06 -0.29 1.36 -0.59 1.47 -1.75 -0.45 0.81
0.14 1.09 1.81 -0.64 2.71 -1.15 -1.94 0.85
-0.57 -0.07 0.65 -0.35 1.60 -1.70 -0.79 0.26
0.60 0.06 1.43 -0.67 2.26 -2.32 -0.55 0.88
0.59 0.53 1.63 -0.40 211 -1.81 -0.63 1.06
-0.02 0.03 0.20 -1.60 1.54 -2.50 -0.71 1.16
0.16 -0.05 0.28 -1.01 0.91 -2.01 -0.98 1.72
0.09 -0.42 1.29 -1.08 1.97 -2.02 -0.66 0.82

Table 5-3: System health states classification using M&xsiier

Sensory Data Mahalanobis Distance Classified

S S HS, HS, HS; HS, State
0.74 -1.05 10.75 0.39 17.68 40.42 HS

1.59 -2.12 42.55 18.16 94.23 HS
-0.93 1.22 11.81 64.75 169.94 0.43 HS
-0.12 -0.21 0.58 10.63 62.58 12.28 HS

1.89 -1.97 44.81 17.91 96.03 HS
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5.2.3 Procedure of Detectability Analysis

Based on the preceding discussion, defining theesysealth states is crucial for
the SN design, which will determine the functionalof the SN to be designed.
Through defining different type of system healtfites, SNs can be designed to tackle
different failure mechanisms for structural systemfer defining the health states,
collecting sample training and testing data sate&eh health states are the next step,
which can be accomplished through the structuralktion using valid numerical
models, such as finite element analysis (FEA). 3&eple size of the training and
testing data sets will determine the accuracy efdétectability evaluation using the
proposed MD classifier. With the training and tegtidata sets available, the
detectability for each predefined health stateaf@iven SN design can be evaluated
in the same way as we did in the previous example.

The overall procedure of the detectability analygsia be summarized in Table 5-

Table 5-4: Procedure for detectability analysis

STEP 1: Define the problem and system health states

STEP 2:  Collect characteristic training and testing datis f& each predefined
system health state;

STEP 3:  Extract a corresponding subset of training andngstata, for a given
SN design, from the characteristic data sets obxdaiim STEP 2;

STEP 4: Perform classification using the MD classiflefined by Eq. (5.8);

STEP 5: Calculate the detectability measure for each hestibes using Eqg.
(5.11).
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5.3 Sensor network design optimization

The appropriate selection of the sensing devicagh sas fiber optics,
piezoelectric, MEMS sensors, accelerometers, ousiosensors, is determined by
the sensor’s characteristic attributes, such dssdéale dynamic range, sensitivity,
noise floor, and analog-to-digital converter resioln Thus, the design variables
involved in the proposed design framework are #ng@sibn variables for the selection
of sensing devices, numbers of selected sensingese\sensing device locations, and
the parameters for controlling the sensing processh as excitation frequency,
loading levels. The design constraints are SN fmtibic performance requirements
considering various uncertainties presented insthgctures as well as the operating
conditions. The performance requirements include 8N detectability for each
predefined system health state. With all factoras@ered above, the SN design

optimization problem can be formulated as:

Minimize C
subject to D, (X1, X, X.e, X)3 D (5.12)
(i= 1,2,.Nys)

where X is a vector of the binary decision variables far sielection of the types of
sensing devices, s a vector consisting of numbers of each seletyieel of sensing
devices, Xoc is a 3-D vector of the location of each sensingag\andXs is a vector

of sensing control parametefs;sis the total number of predefined health states for
the structural systenb; is the detectability measure of the SN for tAeredefined
health state, which is a function of the designaldes X, Xy, XLoc andXs, whereas

Di' is the target SN detectability for tﬁ%predefined health state. To make the design

optimization problem manageable, the design spacemsor locations need to be
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properly defined. In this SN design problem, thasse noise is not considered and
the randomness for SN outputs is mainly due tovéin@bility of structural responses.

The SN design optimization problem in Eqg. (5.12htems discrete decision
variables for the selection of sensing devicesget variables for the number of
selected sensing devices, as well as continuouables for the sensor locations.
Thus, it is formulated as a mixed-integer nonlinpargramming (MINLP) problem
[Adjiman et al. 2000], and heuristic algorithmssas Genetic Algorithms (GAs) can
be used as the optimizer to for the optimizatiomppge. In this study, the GA is
employed for the example problem that will be dethin the subsequent section.
More alternative algorithms for solving the MINLProplem can be found in
references [Adjiman et al. 2000; Wei and Realff400

Figure 5-2 shows the flowchart of the SN designnoation process. As shown
in the figure, the process starts from an initidl &esign and goes into the design
optimization subroutine (the right hand side grex)b which will carry out the SN
cost analysis, call the performance analysis sulm®((the left hand side grey box) to
evaluate the performance of the SN at the curresigd, and execute the optimizer to
generate the new SN design until an optimal SN gdess obtained. In the
performance analysis subroutine, the detectabdihalysis as discussed in the
previous section will be carried out. Before sodvitme optimization problem, valid
system simulation models have to be built and #@trat simulations have to be
accomplished so that the training and testing sletts for each predefined health state

are available.
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Figure 5-2: Flowchart of the detectability baseahfework for structural SN design

5.4 Case Studies

This section demonstrates the feasibility of theppsed detectability based
sensor network design framework for structural sensetwork design. Two
examples, one rectangular plate with crack andosan failure modes and another
power transformer winding joint with joint mechaaic failures are used to

demonstrate the proposed methodology.

5.4.1 Rectangular Plate Example

In this case study, a two-end fixed rectangulatep(am x 1m), as shown in Fig.5-
3, is employed to demonstrate the developed semstwvork design methodology.
The plate is assumed to have 6 potential damagesliaated in the figure from D1

to D6, in which D1 and D2 indicate the crack at flked ends of the plate, D3 and
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D4 indicate the corrosion in the middle field oé tplate, whereas D5 and D6 indicate
cracks at the middle edges of the plate. With cbffié combinations of these 6
damage locations, 9 health states of the platdanetified for this study as shown in
table 5-5. The plate is modeled using the finimednt too ANSYS 10 using shell
elements with the thickness of each node followsaaissian random field variable.
The damages of above mentioned crack or corrogierrealized by reducing the
Young’'s modulus of the material. Uncertainties iea in this case study are listed

in Table 5-6.

DS:'
. .

B
'S

e,

¥

3

Figure 5-3: Two-end fixed rectangular plate witHigated damages

Table 5-5: Definition of the health states for plaase study

Health State HS HS HS HS HS HS HS HS HS

o D2 D1
amage DI D2 D3 D4 D5 D6 & &
Combinations

D6 D4
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Table 5-6: Random variables for the plate caseystud

Random

) Descriptions Statistical Information
Variables
_ Gaussian Random Field:
h Plate thickness
N(0.4, 0.0%) for each node

Material property: density N(7.8e3, 2e9

Material roperty: Young'’s
E property 9° N(3e7, 1.5¢9

modulus

Material property: Poisson ratio  N(2.7e-1, 5.4e3
Eqr Young’s Modulus for crack failure N(3e2, 15)

Young's Modulus for corrosion
Eeo g N(5e2, 10)

failure

The plate is modeled using the finite element #®WNISYS 10 with 800 of 3D
shell63 elements in total. The thickness of platenodeled by a Gaussian random
field with each node independently follows a noruhatribution, as shown in table 5-
5. The damages of above mentioned crack or corrasie realized by reducing the
Young's modulus of the material. Uncertainties ivea in this case study are also
listed in Table 5-5. In this case study, the harimoanalysis with excitation
frequencies from 0.1Hz to 1.6 Hz. Figure 5-4 shdtes vibration displacement
responses for health states;H®d HS with excitation frequenciels= 0.3Hz and =
1.0Hz. As shown in the figure, the change of tli@ation responses due to the
introduced damage D1 is slight in terms of bothat@mns and magnitudes, whereas
the excitation frequency imposes an obvious effébus, the sensors need to be
optimally located and the excitation frequenciesie optimally chosen, in order to

detect the minor changes for different health stdtethis study, 100 sets of random

113



samples are used for simulation to generate theirtgadata sets, whereas another
100 sets are used as testing data sets.

The objective function of this sensor network degigoblem is to minimize the
total number of used sensors, whereas the cortstraire the detectability
requirements for each health state. The desigabas includes the total number of
sensors (accelerometers), each sensor’s locatenn@de number), and excitation
frequency for each sensors, as we assume thag aetinsing approach is employed in
this study. Following the flowchart shown in Flg2 and the detectability analysis
procedure listed in Table 5-4, the SN design probie this case study was solved
using the genetic algorithm (GA). To account fag stochastic feature of the GA, the
SN design problem is repeatedly solved 1000 tinmesshich 819 runs successfully
converged to the optimum design with a total nundieés sensors, whereas 181 runs
failed. Figure 5-5 shows the detectability meadareeach of 9 health states at the
optimum SN design versus different total numbersemisors. As shown in Fig.5-5, 5
sensors are required for the sensor network tefgadi target detectability of 0.95.
The SN with 5 sensors are obtained as the finahopb design and the sensor
locations and excitation frequencies for this optimdesign are listed in Table 5-7

and shown in Fig. 5-6 as black dots.
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(@) (b)

(c) (d)
Figure 5-4: Vibration displacement contour of tii¢he plate

(a) HS,with f = 0.3, (b) HSwith f = 0.3, (c) HSwith f = 1.0, (d) HS with f = 1.0

Figure 5-5: Detectability foHS (i = 1 ~ 9) at optimum designs
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Table 5-7: Optimum SN design for the fixed-end @ledse study

Sensor Index 1 2 3 4 5
Node Number 137 228 236 518 716
Frequency 1.3 0.2 1.3 0.3 14
]
D2 D6 @
" . V.
F
D4 P
[ ]
D3 l
¢ D5 D1 "
a

Figure 5-6: Sensor locations for the optimum SNgies

5.4.2 Power Transformer Case Studies

The monitoring of power transformers enables thedition from the traditional
time-based maintenance to the condition-based erante, resulting in significant
reductions in maintenance costs [Leibfield 1998lie0io the difficulties of direct
measurement inside the transformer, the data tleabetually most often used for
both diagnosis and prognosis of transformers aréimdd through indirect
measurements [Rivera et al. 2000]. For example,sureaments of temperature are
firstly accomplished at accessible points and aetiogl of the gradient can then be
used to induce the maximum temperature in somesaedactric parameters and

analysis of moisture content of the cooling oil afeen performed for the diagnosis
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and condition-based maintenance of transformery fn@équency response analysis
of electric characteristics being common [Allanagt 1992]; the vibrations of the

magnetic core and of the windings could charaaetiansitory overloads and

permanent failures before any irreparable damagerscThis case study aims at
designing an optimum SN on the front wall surfadeagpower transformer. The

measurements of the transformer vibration respomskeced by the magnetic field

loading enables the detection of mechanical fasluewinding support joints inside

the transformer.

Description of the case study

In this study, the winding support joint looseniigyconsidered as the failure
mode, the detection of which will be realized bylexiing the vibration signal,
induced by the magnetic field loading with a fixékkkquency on the power
transformer core, using the optimally designed S$Nha external surface of the
transformer. The validated finite element (FE) moolea power transformer was
created in ANSYS 10 as shown in previous chaptergig. 3-13 and Fig. 4-24.
Figure 5-7 shows 12 simplified winding support jeimvith 4 for each winding. The
transformer is fixed at the bottom surface andbaation load with the frequency of
120 Hz is applied to the transformer core. Thetjdaosening was realized by
reducing the stiffness of the joint itself. Diffetecombinations of the loosening joints
will be treated as different health states of tlmavgr transformer which will be
detailed in the next subsection.

The uncertainties in this case study are modeledaadom parameters with

corresponding statistical distributions listed iable 5-8, which includes the material
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properties, such as Young’s modulus’s, densitiesssBn ratios, for support joints
and windings, as well other parts in the power df@mer system. Besides, the
geometry parameters are also considered as randoables. These uncertainties
will be propagated into the structural vibratiospenses and will be accounted for

when designing an optimum SN.

Figure 5-7: Winding support joints and their numbgs

Table 5-8: Random property of the power transformer

Random Randomness
Variable Physical Meaning (cm, g, degree)
X1 Wall Thickness N (3, 0.08)

X2 Angular width of support joints N(15, 0.3)

X3 Height of support joints N(6, 0.1%)

X4 Young’s modulus of support joint N(2el2, 4elf)
X5 Young's modulus of loosening joints  N(2e10, 4e8
Xs Young’'s modulus of winding N(1.28e12,3e))
X7 Poisson ratio of joints N(0.27, 0.005%)
Xs Poisson ratio of winding N(0.34, 0.006§
Xo Density of joints N(7.85, 0.15%
X10 Density of windings N(8.96, 0.179
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Health States and Simulations

For the purpose of demonstrating the proposed Séigmlemethodology, 9
representative health states (see Table 5-9) wetected from all possible
combinations of 12 winding support joint failuredmong these 9 selected health
statesHS denotes the healthy condition without any loosgmninint, wherea$iS, to
HS are health states with either one or two loosenaigts. According to the
statistical properties of random parameters in @&b8, 200 sets of random samples
were generated and the simulations for each ofaftthstates were carried out and
the vibration response of the displacement amg@sudr all the finite element nodes
on the outer wall surfaces were saved as the diimnleesults. The stress contour of
the healthy state power transformer at the nonvahles of the random parameters
from the structural simulation is shown in Fig. Swéhereas the vibration response of
the covering wall is shown in Fig.5-9. The firstOl8ets of simulation results were
used as the training data set and the others wsd as testing data set. These
simulation results were later used to evaluateSNedetectability. As mentioned in
the previous section, this case study problemrimditated as designing an SN on the
surface of the covering wall of the power transferio minimize the cost of the SN
while satisfying the detectability constraints faach health state, i.e., the

detectability should be greater than a target tbdity of 0.95.

Table 5-9: Definition of system health states

Health State HS 2 3 4 5 6 7 8 9

Loosening Joints - 1 2 3 1z 1 15 1,9 1,11
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Figure 5-8: Stress contour of the winding supporrtiie healthy state of power

transformer

Figure 5-9: Vibration displacement contour of tleever transformer covering wall

for the healthy state of power transformer

As the vibration displacement amplitude of eachenaeh the surface of the

covering wall was used as the simulated sensorkaceneter) output. Thus, the
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design variables in this case study include: (1altaumber of accelerometers, (2)

location of each accelerometer, and (3) the doadiX or Z) of each accelerometer.

Results and Discussion

Following the flowchart shown in Fig. 5-2 and thetettability analysis
procedure listed in Table 5-4, the SN design probie this case study was solved
using the genetic algorithm. To account for theclsastic feature of the GA, the SN
design problem is repeatedly solved 1000 timesyhith 615 runs can successfully
converge to a feasible solution with 9 sensors @hdonstraints satisfied whereas
385 runs failed to find a feasible SN design. Fertin the 615 successful runs, only
17 runs successfully converged to the global optindiesign with a total number of 9
sensors and detectability values for all healtbestare over the target detectability
value 0.95. Figure 5-10 shows the detectability dach of 9 health states at the
optimum SN design versus different total numberssehsors. With the target
detectability being 0.95, we obtained the optimuhd &esign on the outer wall
surface (140cm x 90cm) with totally 9 sensors,hasvé in Table 5-10 and Fig. 5-11.
The detectability for each health state at thenayotn design is listed in Table 5-11.

The results of the power transformer case studyodstrate that the proposed SN
design framework is capable to tackle the SN degigyblems for complicated
engineered systems with multiple system healtlestahd a variety of system input
uncertainties. The authors also would like to askltbe following comments for the
readers to better understand the problem. Firgtlythis case study, the GA was
implemented for the design optimization and repdgtexecuted for 1000 times.

Although, for most of times as discussed above,dpemization converged to a
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feasible design with the same minimum number of§sen) the convergence to local
minima was also observed. Thus, it would be intergsto investigate other
optimization algorithms (e.g., the particle swarptimization [Valle et al. 2008]) to
make the SN design process more robust; seconadythee computational time, only
100 samples were simulated for each health staseiting in 2 decimal digits of
precision in the detectability estimates. To obtaore accurate results, more samples
from the structural simulation are needed. Lastty,make the SN design more
reliable, the redundancy could be easily integraiedthe proposed SN design
framework by adding the redundancy as an additiseabf design variables and the

SN reliability as an additional constraint.

Figure 5-10: Detectability fodS (i = 1 ~ 9) at optimum designs
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Table 5-10: Optimum SN design for the power tramsfoase study

Location (cm)

Sensor Index Direction
X z
1 -56.4 0.0 Z
2 67.2 -34.4 X
3 -2.6 -30.0 Z
4 49.7 -34.4 X
5 -57.9 30.0 X
6 -30.6 15.3 X
7 27.5 30.0 X
8 39.3 35.2 X
9 59.1 0.0 X

Table 5-11: Detectability at optimum design for gowver transform case study

HS HS HS HS HS HS HS  HS  HS

1 1 1 1 0.98 1 1 0.98 1
99 4-»0 e
(6 o
o
t 24
(1)
(3]
Py (4
e 6

Figure 5-11: Optimal design of the distributed SN gower transformer case study
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5.5 Summary

This chapter presented the generic design frametoor8N design optimization
using the detectability measure while accounting fmcertainties in material
properties and geometric tolerances. The proposaidk wefined the detectability
measure to quantify the performance of a desigiéd 3 probabilistic form. Then,
detectability analysis was developed based ontstaicsimulation and health state
classification, where the Mahalanobis distancesdias was proposed for health state
classification. Finally, the generic SN design feamrk was formulated as a mixed
integer nonlinear programming (MINLP). The genatigorithm was used as the
optimizer to solve the SN design optimization pewmhl The power transformer case
study demonstrated that the proposed generic Sigrdémmework is feasible to
handle multiple failure modes and uncertaintiesnaterial properties and geometric

tolerances.

124



Chapter 6: A Generic Framework for Structural Heal
Prognostics

Structural heath prognostics utilize sensory sgt@imonitor the health condition
of an engineered system in the operational stadgeadict the remaining useful live
(RUL). The predictive remaining useful life infortien enables the system to be
proactively maintained against potential systentufas. This chapter presents the
research solution to the fourth challenging questas identified in Chapter 1, which
is how remaining useful lives can be predicted eately and timely under highly
uncertain operational conditions.

Structural health prognostics can be broadly a@plie various engineered
artifacts in an engineered system. However, teci@sicand methodologies for health
prognostics become application-specific. Difficedtiin developing an application-
generic methodology mostly result from heterogeneftsensory data, a wide range
of data acquisition frequency and size, and differeharacteristics in uncertain
manufacturing and operational conditions. This tlaphus aims at formulating a
generic framework for structural health prognostighich is composed of four core
elements: (i) a generic health index system, (igemeric offline training scheme
using the sparse Bayesian learning (SBL), (iii)emagic online prediction scheme
using the similarity-based interpolation (SBI), afid) an uncertainty propagation
map for prognostic uncertainty management. This egen structural health
prognostics framework is generally applicable tfiedent engineered systems. The
rest of Chapter 6 is organized in the following w8&gction 6.1 provides an overview

of the proposed framework, whereas Sections 6&25@resents the above mentioned
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four core elements of the prognostics frameworkaesvely. Two cases studies are
presented in Section 6.6 to demonstrate the effsatss of the proposed generic

structural health prognostics methodology.

6.1 Overview of the Framework

Figure 6-1 outlines the proposed generic framewéok structural health
prognostics. This framework is unique in that ifeod the general approaches for
defining structural health index, building backgndu health knowledge, and
predicting RULSs.

The proposed generic health index system can mib#elhealth state of an
engineered component or system using two healdxinaeasures: (i) Physics Health
Index (PHI), and (ii) Virtual Health Index (VHI).he PHI uses a dominant physical
signal as a direct health measure. With the groworgplexity of engineered systems
and embedded sensor networks, the mapping of auaeltof heterogeneous sensory
signals to a dominant health measure is gettingenaod more difficult. In such
cases, the VHI is proposed which uses a normaliesdth index as a function of
multiple physical signals.

The proposed generic offline training process igrefat importance to structural
health prognostics because online prediction isemaased on background health
knowledge built in the offline training processn the offline process, it is very
important to build statistically rich backgroundaktié knowledge, which can account
for manufacturing variability and uncertain opesatil conditions. On the other hand,
the statistically rich background health knowledpeuld be efficiently managed to

enable real-time RUL prediction in the online pogtig process, especially when
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sensory data are massive and heterogeneous. Thec®Bme, such as the relevance
vector machine (RVM), is a state-of-the-art techmeidor statistical regression that
provides a regression result with not only a prdisaic form but also a great

sparseness feature.

Figure 6-1: A generic framework for structural tkadrognostics

Table 6-1: Procedure of the generic structuraltthgalbgnostics framework

STEP1 Defining the prognostics problem and determining nsse
configurations;
STEP2 Acquiring training sensory signal sets from offlsystem unit;

STEP3 Performing the offline learning process using th& Sechnique with
the training sensory signals and building the bemkgd health
knowledge;

STEP4 Acquiring testing sensory signals from online sgstenits;

STEPS5 Predicting theRUL distributions using the SBI technique through the
online prediction process, which employs the baockgd health
knowledge obtained from STEP 3.
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The online prediction process employs the backgtdwalth information for the
health prognostics using the SBI technique. Thamé&work also enables the
continuous update of the health information andgpostics results in real-time with
new sensory signals. Table 6-1 details the proposgiied prognostics framework
with the five steps. STEP 2 to STEP 5 can be repeab update the RUL

distributions as new training sensory signals acpiaed.

6.2 Generic Health Index System

This task considers massive training/testing sgnsignals from embedded sensor
networks over a complex engineered system. Indbdtion, a generic health index
system is proposed, which is composed of two @jsished health indexes: Physics
Health Index (PHI) and Virtual Health Index (VHI).

Physics Health Index (PHI)this health index requires ample understanding of
physics-of-failures of engineered system units. Ph# is thus applicable if sensory
signals are directly related to physics-of-failuresgeneral, the PHI uses a dominant
physical signal as a direct health metric. In iterdture, most engineering practices
of health prognostics are based on various PHIsekample, the vibration signal has
been used to characterize the health conditiomefroll bearing by [Gabreel et al.
2005]; the radio frequency impedance has been fasdtle prognostics of electronic
solder joint degradation [Kwon et al. 2008]; thettbry impedance value has been
used to monitor the health condition of space apfibn batteries [Saha et al. 2009];
and the capacitance of generator stator winding been used for the wet bar

detection and prognostics for water-cooled turlgjeeerators [Inoue et al. 2003], and
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so on. Just like the examples above, when sensgmals are directly related to
physics-of-failures, it is straightforwvard and cawipensive to use the PHI for
extracting health conditions of engineered systaitsuOtherwise, the application of
the PHI is limited. It is expected that the mappofga multitude of heterogeneous
sensory signals to the dominant physical signajeiting more and more difficult
with the growing complexity of engineered systemgd ambedded sensor networks.
Virtual Health Index (VHI)the VHI is proposed as a possible solution to cweke
the difficulty of the PHI above. This health index applicable when there is no
dominant physical signal. One-dimensional VHI cam éxtracted from multi-
dimensional sensory signals using advanced dateepstng techniques, such as
weighted averaging methods [Xue et a;. 2008], Matathis distance measure [Nie et
al. 2007], flux-based methods [Baurle and Gaffne98].

This study employs a linear data transformationhmetto construct the VHI, and
this transformation method is a special case ofjmed averaging methods. Suppose
there are two groups of multi-dimensional sensataskt that represent the system
faulty and healthy stateo of My” N matrix andQ; of M;” N matrix, respectively,
whereMy andM; are the numbers of dataset for system faulty aadtlny states and
N is the dimension of each dataset. With these tata dhatrices, a transformation
matrix T can be obtained to transform the multi-dimensia®aisory signal into the

one-dimensional VHI as
-1
T=(Q'Q) Qs (6.1)

whereQ=[Qo; Q1]", Sort = [So, S1]", Sv is a 1 Mg zero vector an®; is a 1 M; unity

vector. This transformation matriX can transform any sensory signal from the
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offline or online prediction process to the normatl VHI asH =T Qo 0rH =T

Qon WhereH is a I N vector, Qo and @ are offline and online sensory signals
respectively. The VHI can also be denotedh@} fori = 1,...,N, varying between 0
and 1. Since this VHI contains health conditionnaiyires extracted from multi-
dimensional sensory signals, it can be used totaortdackground health knowledge
(e.g., predictive health degradation curve) indffne training process and to further

conduct the online prediction process.

6.3 Generic Offline Training Scheme

The proposed offline training process aims at Imgldbackground health
knowledge using training sensory signals from oéflisystem units. The SBL is
employed to build the statistical form of backgrduhealth knowledge, such as
predictive health degradation curves for an engetteomponent of interest.

The SBL is a generalized linear model in a Baye&wam and it shares the same
functional form of the support vector machine (SVMhe SVM is a pervasive
machine learning technique using a linear combmadif kernel functions centered at
a subset of the training data, known as supportovgc Despite its widespread
success, the SVM suffers from a critical limitatioopeing that it makes point
predictions rather than statistical predictions.oercome this problem, Tipping has
formulated this generalized linear model in a Baedorm, named the relevance
vector machine (RVM) [Tipping 2001]. It achievesngmarable machine learning
accuracy to the SVM but provides a full predictiistribution with substantially
fewer kernel functions. To improve the efficiencydaconvergence of the RVM,

several advances have been made for the origin®d,Rd example, the variational
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RVM [Bishop and Tipping 2000], adaptive kernel RfMonero and Hansen 2002]
and so on. This section briefly discusses a splarsar regression model and the
RVM with the sparse Bayesian learning for dataesgion and feature extraction.

Sparse Bayesian Learning

This dissertation proposes to use a sparse Bayesiamng scheme for the offline
training process. During offline training, an unkmotrue health index function value
f(t) needs to be predicted at an arbitrary poimtith a set of health index values,
h;,,hn, measured at training points= {t; ,~, ty }:

h(t) = f(t) +e(t) (6.2)
where (t) is the measurement noise. Under a linear modelnagstion, the health
index functionf(t) can be a linear combination of some known basigtionsf(t),

ie.,
M
f(t)=wf(t) (6.3)
i=1
where w = (M4, ", ) iS a vector consisting of the linear kernel fumectweights.
Equation (6.2) can then be written in a vector fasn
h= x + (6.4)
where is anNxM kernel matrix, whosé" column is formed with the values of a
basis functiorvi(t) at all the training points, andg( 1, =, n) is the noise vector.
To develop linear regression models with the optimweights Adifferent
approaches have been developed, for example tls¢ $smare estimate (LSE),

maximum likelihood estimation (MLE), and supportcigg machines (SVM). In

many applications, the LSE and MLE estimates suiften over-fitting. Although the
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SVM-based approach overcomes the over-fitting moblit provides only point
estimates for basis function weights rather thaissical distributions, which is a
critical aspect especially for the decision-makimgler various types of uncertainties.
Another desirable property is sparseness, in wttieHeast number of basis functions
is desired in the function representation, whilgte other basis functions are pruned
by setting their corresponding weight parameterszdo. Sparseness property is
extremely useful for fast computation during théirenreal-time prognostics process.
The sparse Bayesian learning methodology, knowth@a&fVM, provides an elegant
approach to the sparse linear models by treatiagénameters as random variables.
With this treatment, both the statistical outputsl ahe good sparseness can be
obtained. The remainder of this subsection wiletyiintroduce the RVM technique
with the sparse Bayesian learning for data regrvasand feature extraction.

The RVM is a special case of a sparse linear modedre the basis functions are

formed by a kernel function centered at the trgrpointst = {t; ,", tn}:

h(t)= wr(s 1) (6.5)

The study in this dissertation uses a multi-keR¥M, consisting of several different

types of kernels as:

M N
h(t) = Wmifm(X’ )ﬂ) (66)
m=1 i=1
The sparseness property enables automatic selexdtive proper kernel at each
location by pruning all irrelevant kernels. A sgameight prior distribution can be

assigned, in such a way that a different varianaerpeter is assigned for each

weight, as:
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N
p( 1 )=ON(wl0a") (6.7)

i=1
where = (1,7, wm) IS a vector consisting &l hyper parameters, which are treated
as independent random variables. To specify thesahchical Bayesian inference
model, prior distributions for must be defined. For a scale hyper parametgrit(is

common to use a Gamma prior distribution as:
p(a)=Gammd g 4 (6.8)
whereg; andb; are the hyper-parameters and initially set to a@Gamma distribution.

The weight priop(w) can be obtained by integrating over the hypeaipaters as

p( )= p( 1 )p()d (6.9)
Assuming independent, zero-mean, Gaussian noide avitariance vector *,
ie., ~N(, ') wherel is an identify matrix, we have the likelihood tife

observed data as:

p(hl . . )=N(hl 1) (6.10)
wherelF is either anNxN or anNx(NxM) kernel matrix for the single and multi-
kernel cases, respectively. This matrix is formgdal the basis functions evaluated
at all the training points, i.e., = [f(t1),,f(tn)] where 7(t) = [F(t—t), ", F(ti_—t),
f(tisa—t), ", f(tn—t)]. In order to make predictions using the Bayesmodel, the
parameter posterior distributiqgafw, , b| h) needs to be computed. Howeviris
posterior distribution cannot be computed analyliicawing to its complexity and
thus approximations must be made through the deagsitign of the posterior

distribution and employing appropriate iterativetimfzation methods, such as

marginal likelihood optimization [Tipping and Fa2003], expectation maximization
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(EM) algorithms [Hogg et al. 2005] or incrementgltimization algorithms [Syros
2008].

This SBL scheme can be applied on the system tigpidataset to construct the
background knowledge of system degradation withed «f predictive health
degradation curvesh) where each of them is represented in a stafisiicen as
shown in Eq. (6.3). By applying the SBL, only a fesitical basis points of the kernel
functions will be employed to build the backgrourehlth knowledge without losing
the representativeness and uncertainty informafidns desirable sparseness will
substantially speed up the online prediction pre@asl make it feasible for real-time

prognostics applications.

6.4 Generic Online Prediction Scheme

The proposed online prognostics process aims aligireg theRULs for online
system units by employing a set of predictive tredigradation curves built in the
offline learning process. This online predictior@ess involves two procedures: (i)
determination of initial health condition and UL prediction using the similarity-
based interpolation (SBI).

Initial Health Condition

Component and system units tested in the onlindigiren process may have
different initial health conditions, due to manutamg variability or different service
lives. So determination of initial health condit®ofor component units is of great
importance to precisRUL prediction. In the first step, health index data de
generated from testing sensory signals of onlirstesy units, based on either the PHI

or the VHI. Then, the predictive degradation cufiv® as the background knowledge
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will be employed to determine a time-scale initiealth state T, or initial age)
corresponding to the initial health condition wh&gas a time state with the optimum
fitting between online health data and predictivealth degradation curve. The
optimum fitting can be formulated as

To determineT, ,

N
=1

(6.11)

min  (h(t)- h*(t))°, subjecttoT [0D t

i
whereh(t) andh®(t)) are the online health data and predictive hedgtiradation data
att; N the number of datdl, the time-scale initial health state (or initiakygot the
time span (=t - t;) of the online health index dath;the time span of a predictive
health degradation curve, which is the total lifeam offline system unit. This
optimization process basically moves the onlindtheadex dateh(t;)) along the time
axis to find the best time-scale initial healthtstfly) by minimizing the fitting error
with the predictive health degradation curkit). Once T, is determined, the
projected remaining life of the online system uait a given projected health
degradation curve can be calculated as
RUL=L-Dt- T, (6.12)

As the predictive health degradation curve in Bcp)is statistically obtained, the
time-scale initial health stat@,) and projectedRUL will be statistically modeled
instead of a point estimate. To construct the bistm of the projectedRUL, we
generate a random sample set from the statisté@innation of the kernel function
weights @) for the RVM regression in Eq. (6.10). These samplill result in
random realizations of the predictive health degtiac curve in Eq. (6.5) and further

random realizations of the project&lJLs in Eq. (6.12). Through this sampling
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process, we can observe the propagation of the'tantges in raw sensory signals to
the probability distributions of the project&®iLs, which will be discussed at the end
of this section.

It should be noted above that different predictnealth degradation curves are
generated for different offline units in the offlirntraining process. Repeating this
process will provide different projectddULs RUL for i = 1,7,K) on different
predictive health degradation curve®)(whereK is the number of offline system
units. The projecte®ULs can then be used to model the predidii#. of an online
unit. The remainder of this section will introdut® definition of similarity weights
and theRUL interpolation.

Similarity-Based Interpolation

This study proposes the Similarity-Based Interpofa¢SBI) to predict thé&kUL of
an online unit. The predictiMRUL of an online unit is a linear interpolation fumcti
in terms of the projecte®RULs (RUL for i = 1,7, K) of the offline units. The
predictiveRUL of an online unit can be expressed as

RUL:ViV ’ (WxRUL)  where W:_K W (6.13)

i=1 i=1
whereRUL is the projectedRUL on thei™ predictive health degradation cur¥; is
thei™ similarity weight. Then the predictiieUL of an online unit will be primarily
determined as a linear function BUL having larger degrees of similarity. The

similarity weights can be defined as the inversthefsquare-sum error as

1

w= (h(t)- () (6.14)

N
=1

It is obvious that greater weight is given to tlfiiree units with greater similarity to
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the online unit. In other words, the offline unitsth greater weight have greater
similarity to the online unit in manufacturing aedrvice conditions. The similarity
weights must be random due to the randomness ipretictive health degradation
curve, hP(t), in Eq. (6.5). Using the random sampleshdft), we can generate
random sample sets of both similarity weights amjgeted RULs (RUL; for i =
1,,K) and then construct the histogram of the predd®UL of an online unit using

Eq. (6.13).

6.5 Generic Prognostic Uncertainty Management

In summary, the uncertainty propagation from the& sensory signals to the
predictiveRUL is shown in Figure 6-2. In the offline trainingopess, uncertainties in
the raw data are propagated to the health indexe $BL technique uses the
uncertainties of the health index and builds trezlgtive health degradation curves in
a stochastic fashion. Finally, in the online prédit process, the SBI predicts the
predictive RUL of an online system unit in Eq. (6.13) using thedgctive health

degradation curves of all offline system units.

Figure 6-2: Uncertainty propagation map in thedtral health prognostics

framework
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6.6 Case Studies

This section demonstrates the effectiveness ofpthposed generic framework
for structural health prognostics with two casedms: (i) IEEE Prognostics and

Health Management (PHM) 08 Challenge Problem apéléctric cooling fan.

6.6.1 IEEE PHM 08 Challenge Problem

The dataset provided by the 200BEE PHM Challenge problem consists of
multivariate time series signals that are colledtedh an engine dynamic simulation
process. Each time series signal represents a ddggna instance of the engine
system [Saxena and Goebel 2008]. The data for egcle of each engine unit
include the unit ID, cycle index, 3 values for gremtional setting and 21 values for
21 sensor measurements. The sensory sighals wetangoated with measurement
noise and also each engine unit starts with ardifteinitial health state. It is found
that three operational settings have a substaefii@ct on engine degradation
behaviors and result in six different operationimesgs as shown in Table 6-2. The 21
sensory signals were obtained from six differergérapon regimes. The dataset was
divided into training and testing subsets. The egnsignals were obtained from 218
offline engine units, so the number of trainingedat is 4578 (=21218) in total. The
unit operated normally at the beginning of eacretseries and stopped until a fault
condition was developed. The fault grows in magtetwntil the system failure, at
which time one or more limits for safe operatiorvéndeen reached. There is no
specific failure threshold defined. In the testulgtaset, the time series signal ends
some time prior to system failure. The objectivetlnd problem is to predict the

number of remaining operational cycles before faiin the testing dataset.
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Table 6-2: Six different operation regimes

Regime ID Operating Operating Operating
parameter 1 parameter 2 parameter 3
! 0 0 100
2 20 0.25 20
3 20 0.7 0
4 25 0.62 80
° 35 0.84 60
6 42 0.84 40

The proposed prognostics framework takes the fatigwsteps: i) sensor data
screening, ii) constructing the VHI, iii) SBL oneth/HI to build the background
health knowledge, iv) determination of initial Hhéalcondition, and v)RUL
predictions of online system units using the SBEpS i) to iii) corresponds to the
offline training process involving the training daét, whereas the online prediction
process continues in steps iv) and v) that engtigesesting dataset. These steps will

be explained in detail in the following subsection.

Adjusting Cycle Index

To account for different initial degradation coialit, an adjusted cycle index is
proposed asC,qj = C — C; whereC is the operational cycle of the training data for a
engine unit andC; is the cycle-to-failure of an engine unit. The leyendex O
indicates engine unit failure whereas negative ecytlices are realized prior to the
failure. By setting the unit failure to a baselin®alth degradation can be clearly

displayed even with different initial degradaticonditions and degradation paths.
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Sensor Signal Screening

Among 21 sensory signals, some signals contain ndlittte degradation
information of an engine unit whereas the othersTaoimprove theRUL prediction
accuracy and efficiency, important sensory sigmaisst be carefully selected to
characterize degradation behavior for engine waith prognostics. This study thus
intended to screen sensory signals by observinglégeadation behaviors of the 21
sensory signals. Seven sensory signals (2, 3,14,,7,2 and 15) were selected in this
study [Wang et al. 2008]
Building VHI

As discussed above, seven sensory signals weregarsedgine prognostics study.
Based on the signals, we built the VHI to represéet engine health degradation
process. Different transformation matricesmust be constructed using Eq. (6.1) for
different operation regimes (=1 to 6) because health degradation paths strongly
depend on operation conditions. So, differ&tand Q; matrices can be built for
different operation regimes. For a given operatiegime, health index data to
represent system failure and healthy states musttefully identified to buildQo
and Qi. In this studyQowas created with the health index data in a sydtelore
condition, —4 < VHIE 0, in the adjusted cycle index, whilla with those in a healthy
condition, —300 < VHI, in the adjusted cycle ind&ifferent Qp, and Q1 can be
created by repeating this process for all differepérating regimes. As shown in
Table 6-3, a 76 transformation matrixX'x can be constructed using Eq. (6.1), in
which each column is a transformation vector fer¢brresponding operation regime.

The dots in Figure 6-3 represent the VHI data olethiusingH = Ty Qo with the
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training dataset of an offline engine unit.

Table 6-3: Transformation matriX) for the VHI

Regime1l Regime2 Regime3 Regime4 Regime5 Regime

-0.03352 0.00420 0.01725 0.07551 0.04861 0.06308
-0.00358 -0.00571 -0.01046 -0.00551 -0.00720 -0B10
-0.00760 -0.00741 -0.00624  -0.00695 -0.00891 -M611
0.03902 0.06381 0.05371 0.04381 0.05489 0.03470
-0.29961 -0.34434 -0.30928 -0.39681 -0.51199 -B509
0.07080 0.05048 0.07701 0.06448 0.08791 0.10163
-0.67360 -1.36813 -1.62036 -2.68974 -1.25800 -0L.893

Sparse Bayesian Learning on VHI

Figure 6-4 displays the randomly realized VHI data the randomness is mainly
due to the measurement noise from the signals., RMBI regression can be used to
model the VHI data in a stochastic manner. As dised in Section 6.3, the RVM is
Bayesian representation of a generalized sparsarlimodel, which shares the same
functional form with the SVM. In this study, thendiar spline kernel function was
used as a basis function for the RVM. To build pgredictive health degradation
curves bP(t), i=1, 2,, 218) for 218 offline engine units, the RVM regiest model
can be formed with statistical coefficient vecta) {n the generalized sparse linear
model of Eq. (6.5).

Figure 6-3 shows the health degradation curve avitlesirable sparseness by only
employing a small set of critical data points. Besj the regression model gives both

the mean and the variation of the predictive hedégradation curve, as shown in
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Figure 6-4. These predictive health degradationesufor the offline units altogether
construct background health knowledge which charaets the system degradation
behavior. Later, this background knowledge can &l dor modeling the predictive
RUL distributions of online engine units. Some degtiadacurves for this challenge

problem are exemplified in Fig. 6-5.

Determination of Initial Health Condition

The online prediction process employed testingsgatabtained from 218 online
system units. The adjusted cycle index was usedetermine an initial health
condition. As explained in Section 6.4, the optemian problem in Eq. (6.11) was
solved to determine a time-scale initial healthrddgtion stat€Ty) with the testing
dataset for an online engine unit while minimiziihg square-sum error between the
online health datah(t), and predictive health degradation date(t). Then, the
predictedRULs and similarity weights of each online engine wan be obtained
using Egs. (6.12) and (6.1#)ith L=224, Dt = 87. Figure 6-6 shows the process to
determine the initial health degradation stdig (ith the online testing daté&(t;), for
the first engine unit and the predictive healthrddgtion curvehP(t), for the first
unit. It should be noted that the offline learnpr@cess generates different predictive
health degradation curves frok identical offline units. Repeating this process
provided different projecteRULs (RUL fori = 1,", K) on different predictive health
degradation curves. The projectetlLs can be used to predict tR&L of an online

unit in next section.
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Figure 6-3: Sparseness of the RVM regression

Figure 6-4: VHI and the RVM regression
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Figure 6-5:Background Degradation Knowledge from SBL

Figure 6-6:Determination of initial health index

Online RUL Prediction
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From 218 offline engine units, the same number ftd predictive health
degradation curves and projectBdlLs was obtained for each online engine unit.
Likewise, the same number of similarity weights wgasight for each online engine
unit using Eq. (6.14). Equation (6.13) modeled gL prediction for each online
engine unit as a function of the projecRdLs while considering the first 50 largest
similarity weights. Note that(t) andhP(t) are random as mentioned in Section 6.3.
Thus, the similarity weights were modeled in aistisal manner, so was thUL of
the online unit. Using the mean and covariance iogrof the relevance vector
coefficients for the RVM regression in Eq.(6.6),etmandom samples of the
coefficients result in the random samples of tieilarity weights for the projected
RULs of the engine unit. The randomness of the siityilaveights and projected
RULs is then propagated to the predictiRgL of the engine unit through Eq. (6.13).
Figure 6-7 shows thRUL histogram and the true value with the testing sktéor

the first four online engine units.

() (b)
Figure 6-7PredictedRUL histograms with true RULs for

(a) units 1 and 2, and (b) units 3 and 4
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Using the mean value of the predictive RUL with ttesting dataset, the
cumulative score loss was then calculated using(&€45), which was used in the
IEEE PHM challenge problem competition. An averagmre loss of 5.224 is
obtained for the testing dataset and the resuttoiee accurate compared with the best
average score loss of 12.956 in the competition.

d, = PredictedRUL, - TrueRUL,

e—dk/l3_ 1’ q(E O

S = g%10_1 d3 0 (6.15)

K
Average Score Los§=% S
k=1

6.6.2 Electric Cooling Fan

In this section, the generic prognostics framew@kapplied to the health
prognostics of electronic cooling fan units. Coglians are one of the most critical
parts in system thermal solution of most electrgmioducts and have been a major
failure contributor to many electronic systems [Tid006]. This study aims to
demonstrate the proposed health prognostics melttipdwith 32 electronic cooling
fans.

In the experimental study, thermocouples and acmeleters were used to
measure temperature and vibration signals. To mtke-to-failure testing
affordable, the accelerated testing condition feg DC fan units was sought with
inclusion of a small amount of tiny metal particlego ball bearings and an
unbalanced weight on one of the fan units. The rx@at block diagram of DC fan
accelerated degradation test is shown in Figure&&hown in the diagram, the DC

fan units were tested with 12V regulated power Supmd three different signals
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were measured and stored in a PC through a datasammn system. Figure 6-9 (a)
shows the test fixture with 4 screws at each cdiorethe DC fan units. As shown in
Figure 6-9 (b), an unbalanced weight was used amginted on one blade for each
fan. Sensors were installed at different partsheffan, as shown in Figure 6-10. In
this study, three different signals were measutled:fan vibration signal from the
accelerometer, the Printed Circuit Board (PCB) bleoltage, and the temperature
measured by the thermocouple. An accelerometemwaasted to the bottom of the
fan with superglue, as shown in Figure 6-10 (a)oTwres were connected to the
PCB block of the fan to measure the voltage betvieenfixed points, as shown in
Figure 6-10 (b). As shown in Figure 6-10 (c), artmecouple was attached to the
bottom of the fan and measures the temperaturalsigrihe fan. Vibration, voltage,
and temperature signals were acquired by the dapaiskion system and stored in
PC. The data acquisition system from National lmagnts Corp. (NI USB 6009) and
the signal conditioner from PCB Group, Inc. (PCB2A88) were used for the data
acquisition system. In total, 32 DC fan units weggted at the same condition and all

fan units run till failure.

Figure 6-8: Electronic Fan Degradation Test Bloégkgbam
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Figure 6-9: DC fan testing setup: (a) fixture abythe unbalance weight

Figure 6-10:Sensor installations for DC fan test

(a) accelerometer, (b) voltage measurement, artti¢cinocouples

Figure 6-11Sample degradation signals from DC fan testing
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The sensory signal screening found that the fan BIGBk voltage and the fan
temperature did not show clear degradation trendergas the vibration signal
showed health degradation behavior. This study b the root mean squares
(RMS) of the vibration spectral responses at ths five resonance frequencies and
defined the RMS of the spectral responses as tHefd?Hhe DC fan prognostics.
Among 32 fan units, Figure 6-11 shows the RMS dgymd three fan units to
demonstrate the health degradation behavior. Th& Rignal gradually increases as
the bearing in the fan degrades over time. It wasd that the PHI is highly random
and non-monotonic because of metal particles, sgsggnal noise, and input voltage
noise. For the DC fan prognostics, the first 28 tanits were employed for the
training dataset in the offline training processijla/the rest were used to produce the
testing dataset in the online prediction procesfiowing the same procedures of the
previous case study, the prognostics work perfortweddistinguished processes: the
offline training to obtain the predictive healthgdadation curves of the fan units
using the RVM regression and the online predictionpredict and update the
predictiveRULs of three online testing fan units using the SBI.

The RUL predictions for the three online testing fan unmitsre conducted after
2000-, 3000-, and 4000-minute uses and the reawdtsshown in Table 6-4. The
prediction results of the online testing fan umite quite accurate with the maximum
error of 314 minutes of the fourth fan after 200@aute use. As more fan test data
were used in the online prediction process, thaligtien results become more
accurate. The mean of tHRUL prediction error after 4000—minute use are much

smaller than those after 2000— and 3000-minute. ugesdid in the previous case
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study, the finaRUL prediction was made in a statistic manner. Figal€ shows the
histogram of the predicteRUL for the first online testing fan after three diffat
operation periods. Various statistical informatioh the predictedRUL, such as
variation and confidence interval of predictionndae provided to condition-based

maintenance.

Figure 6-12PredictedRUL histogram for a DC fan

Table 6-4: Prognostics results for DC fans

Predicted Mean of RUL (Minutes)

True Life
Operation timeT 2000 3000 4000
Test Fan 1 2768 1802 1018 4957
Test Fan 2 3615 2563 1394 5468
Test Fan 3 3325 2298 1211 5124
Test Fan 4 4107 2588 1662 5793
Error, % 3.961 2.950 1.636
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6.7 Summary

This chapter presented the generic probabilisaenéwork for structural health
prognostics and uncertainty management. The prdpwse health indexes (PHI and
VHI) provide the generic framework to define theguee of health condition
regardless of system complexity, sensory data piagsical data types, and so on.
The proposed prognostics framework is also germeticat it can predict the RULs of
online units while considering various uncertaisburces, such as data acquisition,
manufacturing, and operation processes. The framiei@ocomposed of two steps:
the offline training (or learning) and online pretibn processes. In the offline
training process, the SBL scheme was employed tid bpredictive health
degradation curves for offline training units irstatistical and sparse form. A set of
curves become the background health knowledge veoilesidering uncertainty in
operational and manufacturing conditions. With theskground knowledge, the SBI
technique was then proposed for predicting andimootisly updating th&@UL in a
statistical manner in the online prediction proce$e proposed prognostic
framework with an uncertainty propagation map esslthe statistical prediction of
RULs. Two engineering case studies (PHM challenggblpm and the electric
cooling fan prognostics problem) were used to destrate the effectiveness of the
proposed generic structural health prognostics odetlogy. Due to the generic
capability of the proposed prognostics framewotk, wide application to other

engineered systems is promising.
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Chapter 7: Conclusion and Future Work

7.1 Conclusion of the Research Work

The work presented in this dissertation focusedadvancing two essential and
co-related research areas for the developmentsiierg engineered systems: system
RBDO and system prognostics and health managerRétil). System RBDO will
ensure high reliability of engineered systems ieirttearly lifecycles, whereas
capitalizing on PHM technology at the early desggage can transform passively
reliable (or vulnerable) systems into adaptiveljatde (or resilient) systems while
considerably reducing their lifecycle cost.

To make an engineered system resilient, systemabilitly first needs to be
ensured during the design and manufacturing steges, technical developments in
Chapter 3 and Chapter 4 addressed the system RBE&H) facusing on addressing
challenges for producing a reliable engineeredesystonsidering multiple system
failure modes and input uncertainties. Two redeajoestions regarding system
RBDO were posed: how system failure modes and thigractions can be analyzed
in a statistical sense, and how limited data fputrmanufacturing variability can be
used for RBDO. As an engineered system enterpésational stage from the design
and manufacturing stage, it could be vulnerable tmeuncertain operational
conditions as well as system performance degradafious, Chapter 5 and Chapter 6
focused on addressing challenges in making an iadamliable engineered system
that can be proactive to system failures duringdperational stage. This can be

accomplished through monitoring of the system pemémce degradation and
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predicting the system remaining useful life. Thedtland fourth research questions in
this dissertation work addressed system PHM: hawa@enetworks can be designed
to effectively monitor system health degradationlernhighly uncertain operational
conditions, and how accurate and timely remainisgfui lives of systems can be
predicted under highly uncertain operational caodg. Research solutions to these
four research questions were presented in ChapteCBapter 6, accordingly.
Subsection 7.2 summarizes the principal contrimstito the field and the
significance of this research. Subsection 7.3 dses limitations of the developed

techniques and the recommended future work.

7.2 Principal Contributions and Significances

The proposed research solutions make significanttribotions in various
engineering applications as discussed below:
Contribution 1: A generalized framework for systestiability analysis
This dissertation has contributed significant adesment in our knowledge
through the development of an innovative probabdiecomposition theory and a
generic system reliability analysis framework relggs of the system structure
and its size. The method developed here delivetsnigue contribution by
defining the Cl-event. In aid of this definitiohet probability of arNth-order
joint safety event can be decomposed into the jpitifies of the first toNth-
order Cl-events through the developed probabiligcaiposition theorem.
Subsequently, system reliability of any seriesesystan be explicitly expressed

in terms of the probability of the Cl-events aneh @ evaluated using advanced
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probability analysis methods. To facilitate thetsys reliability analysis for large-
scale system applications, the Cl-matrix and SS#nate innovatively defined
to store the probabilities of Cl-events and to espnt any system structure in a
compact and comprehensive matrix form, respectivlith the SS-matrix, the
BDD technique automates the process to identifystesn’'s mutually exclusive
path sets, of which each path set is a series myst¥ith these technical
contributions, a generic system reliability anadysiamework is formed that
substantially enhances our capability to assestersyseliability for complex
systems and provides a solid foundation for engingeresilience analysis and
design.

Contribution 2: Reliability analysis with evolvingpsufficient and subjective data

sets
The Bayesian reliability methodology developed his tdissertation presents a
unigue contribution by providing a new paradigm feystem reliability
prediction. This methodology enables the use aflvévg, insufficient, and
subjective data sets. Bayesian reliability analyissorporates the reliability
analysis with a Bayesian updating mechanism, andemeric definitionof
Bayesian reliability is introduced as a functionaopredefined confidence level.
Subsequently, Bayesian reliability is integrated RBDO, referred to as the
Bayesian reliability-based design optimization (Bsign RBDO) methodology.
The contribution of Bayesian RBD® to provide a systematic design platform that
enables engineering system desigrihe presence of evolving, insufficient and

subjective data sets. The close-form relationskldpwéen Bayesian reliability,
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user-desired confidence level, and the data samigke is developed, which
provides designers with a guideline to set appavpriarget Bayesian reliabilities
when the data for uncertainty is insufficient. Irder to develop more a stable
Bayesian RBDO that is free of numerical singulasitian innovative approach for
Bayesian reliability sensitivity analysis is deyadal through one-to-one mapping
of Bayesian reliability with the mean value of tiediability distribution.

Contribution 3: Generic SN design for PHM
A generic probabilistic detectability measure isfied for evaluating the
performance of any given SN, and a generic SN ddsignework is developed to
build a cost-effective and reliable SN for healtbndition monitoring of an
operating system. In the presented work, the dsbéity measure is defined as
the probability of correct detection of each preuet health state. Subsequently,
a generic detectability analysis is developed Iggrating structural simulations
with health-state classification tools. The gene@bl design framework is
formulated as a mixed-integer nonlinear programmpblem using the
detectability measure, and artificial intelligenalgorithms such as the genetic
algorithm (GA) are employed to solve the SN degigtimization problem. The
generic SN design tool provides a solid foundafmmresilience-driven system
design.

Contribution 4: Generic structural health progressti
The proposed generic framework for structural egltognostics makes four
technical contributions: (1) a generic health indgstem regardless of system

complexity, sensory data size, physical data types, so on; (2) an efficient
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offline training process with the SBL scheme toldyiredictive background
health knowledge in a statistical and sparse f@8na real-time online prediction
process with the SBI technigue in a statistical mesn and (4) a generic
uncertainty propagation map to systematically managcertainties and errors in
RUL prediction.
Contribution 5: A solid foundation for resilienceiten system design

This research advances two essential and co-relasedrch areas for a resilient
engineered system design: system RBDO and progaasid health management
(PHM). These will provide a solid foundation fosileence-driven system design
because they are the pillar technologies for tisélieace-driven system design

process.

7.3 Recommended Future Research

Although the proposed research solutions and aédamethodologies developed
in this dissertation have addressed critical chgis in both system RBDO and
PHM, it is still a grand challenge to unify thesehnique advances and develop a
resilience-driven system design methodology. Furthesearch and technical
developments are needed to make the resiliencerdsystem design methodology
feasible and effective. The rest of this sectioespnts a few open questions in the
resilient engineered system design and providesildesapproaches to address these
guestions.

Allocation of system capacity into subsystems amdnmonents from the

perspective of system resilience
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The proposed system RBDO and PHM methods can desigimeered systems
with target reliability and detectability. Howevdittle or no study has been done
to allocate the system capacity into subsystemsamponents to meet the target
system resilience. To answer this question, aieesg allocation problem has to
be carefully defined in order to allocate targdiat®lities of subsystems and
components while minimizing the system lifecyclestco

Cost benefit analysis of resilience engineeretesyslesign

As the resilience-driven system design frameworkolves development in both
RBDO and PHM, a generic cost model must be devdl@sea function of the
resiliencezredundancy, reliability and PHM efficiency levédsvhile considering
the PHM cost model and PHM benefit model.

Sensor noise in the SN design

In the current work, randomness of the sensor ¢sitipiconsidered mainly due to
the variability of structural systems, and the sen®ise from SN itself is not
considered. Considering the sensor noise in SNydestimization will enhance

the robustness of the SN and needs further ina&iig

Integration of RBDO and PHM

Two core research topics—system RBDO and PHM—aaraéely developed to

address their own challenges. However, their irttggn has not been studied in
this research. To address this problem, a reséiginven system design problem
should be carefully defined with conceptual and heatatical definitions of

engineering resilience and resilience analysis ousth To this end, the

multidisciplinary system design optimization frantw has to be employed.
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Designing a PHM system

The existing PHM methodology enables the RUL pitéatic of structural
components. However, there has been little efordésign PHM systems by
enhancing sensing, detection, and prediction fanstiln order to address this
issue, a metric for sensing, detection, and predicfunctions needs to be
appropriately defined, and corresponding analyséthods need to be further

developed.
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Appendices

Appendix A: Derivation of the Probability Decompositionedbhem

Hailperin®” divided the sample space of a system withnumber of the
component events into"2nutually exclusive and collectively exhaustive (GFE)
events, each consisting of a distinct interseatibthe component evenk and their
complements ;, i =1,...N. They are called the basic events. For examplehercase
of 3 (=N) component events, one finds th&@ basic events to HEEEs  1E:Es,
E: 2Es EiE> 3, 1 2E3, 1E2 3,E1 2 3, and 1 2 3. For any system withl number
of components, there ar€ Basic events and any event can be expressediresaa |
combination of the basic events. The basic evesmisbe classified intdl+1 groups

where the basic eventsiffigroup includé number of component failure events as

N

0" Group: E

1" Group: E, E.i=12, N

N N
st . - —
r Group: E, E.=12 ¢
k=1 i
ko=l +1 itk;
ke =k +r

N"™ Group: E

: Hailperin, T., 1965, “Best possible inequalities floe probability of a logical function of event#fn. Math. Monthly,
72(4), 343-359.
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For example, the basic event in tﬁ'égjoup,ElEz...EN (¢ EsCEC...CEN), has
no component failure event, whereas the basic sVerEE; ... By andE; JE;s ...
En) in the £ group have one component failure event.

The probability of any order Cl events can be esged as a linear combination
of the probabilities of the basic events in tHel group. For the system with 2
components, the coefficients of the linear comliamet are shown in Tables Al. For

example, the first column of Table Al can be expedsas
P(E)=1" P(EE)+0 HEEF1 KER 0 P EH
= P(EE).P(EE). { EE), R EE §
‘1014
Grouping the basic events intb+ 1 different groups can give us the compact

expression of the linear combinations. Then itasgible to express the summation of
the probabilities of the CI events as a linear coatiion of the probabilities of the
basic events in a compact manner. For the systém2xgomponents, the coefficients

of the linear combinations are shown in Tables B&. example, the first column of

Table A2 can be expressed as

P(E)
i=1
=2'P(EE) (A1)
+1 P(EE)+ P(EE)
+0 P(EE)
Using the tables A2, the probabilities of the secand third-order joint events

can be decomposed into the CI events as
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P(EE)= P(E)+ R B)- K E) (A2)

Table Al: Probability Decomposition of 2 componesystem

Cl Events
. P(E1) P(E2) P(E12)
Basic Events
P(E:E>) 1 1 0
P( 1E2) 0 1 1
P(E1 2) 1 0 1
P( 12 0 0 0

Table A2: Probability Decomposition of 2 componesystem with grouping

Cl Events Basic

Events P(E1) +P(E2) P(E12)
P(E1E2) 2 0
P( 1Ex)+P(E1 2) 1 1
P( 12 0 0

Considering a general system wilmumber of the components in total, Table A3
displays a linear combination of the Cl eventsha general system. For a given

general system, the following equations can be Idped for two different cases as:
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Table A3: Probability Decomposition df components system

P(EI) P(Eij) P(Eijk) P(Eijkl) P(Eijklm) P(Elz...l\b
§ 1,Nis odd
& Cy 0 Cs 0 cs |
- 0,Nis even
"p " EE ) ) , ; ] 0,Nis odd
P EE Cy., Ci.. C3, c?, c3, |
= 1,Nis even
" " EEE ) ) cl . 3 1,Nis odd
P E E| E Cy.o 2*C, , +E\l:-32 2+C3 +E\1:-52 -
=N N-2 N-2 0, Nis even
j<k j<]|(Y
N N o
j=1 P i=1 E El 5 E Cl 3* Cl 3*C]l\-l-3 C]l\-l—S 3*Cl:\)’l-3 0, N IS Odd
= : ] S
Jlr(<;l<§<r o - v *Cys #3*Chs  +Cls 1,Nis even
N p—
P K 0 0 0 0 0 0
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Case I: N is an odd number

LPE)NPE) e T e e by AR

=(Cy+Ci+ +Cy)P )

i=1

+(C§-1' Cl{l- 1t Cil 1" Cfi it

PorQtal PE

&
i=1j1]
N _ N
+(C§-2' ZCh ot Ct 2t Cf..z- ZXCriz +C|f| 2 +CS 2t ) x P Ej E
2 "k
i<k
N —_—
+(0-0+0 8 )P F
i=1
N
=2V E
i=1

Case I: N is an odd number

N

S PE.r (DT HEY)
i=1 i=1; i=1; m
i=2; i=2;
= I=m
i<j< 4
N
=(Cy+Ch+ +CVY) P E

i=1

+(C§-1' Cl{l- 1t Cil 1" Cfi it

Poeatay PE

E
i=1jt]
N N
+(Cr{1-2'2Cr{+2+ Ct 2+C,§,_2-2><C,12+C|32+C:2+ )X P EAL__k E—
i ik
j<k
N pu—
+(0-0+0 8 )P F
i=1
N
:2N-1>P E|
i=1
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From the equations above, the general formuladgothposing the probability

of theN™-order joint event can be developed and expressed a

P E
1 N N mi N-1 (A3)
=51 _P(E)- PEJ +(9" ~ PE + +()THE,)
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Appendix B: Response Surface of Vehicle Side Impact Model

The response surface for ten constraints of vebidie impact model is constructed
as {Gi<g, i=1, 2, ..., 10} wherey are from vectog =[ 1, 32, 32, 32, 0.32, 0.32,

0.32, 4, 9.9,15.7] an@; are as follows.

G1=1.16- 0.371X:X4- 0.0093:KoX10- 0.484X3Xe+ 0.0134XKeX1o;

G2=28.98 + 3.8183- 4.2X1X>+ 0.020KsX19+ 6.6KeXg- 7.7X7Xg+ 0.32%oX10;

G3=33.86 + 2.9%3+ 0.179X10- 5.057%X1Xo- 11XoXg- 0.021KsX10- 9.98X7Xg +
22XgXo;

Gs=46.36- 9.9X- 12.9:1Xg+ 0.110K3X10,

Gs=0.261- 0.015KX>- 0.188X1Xg- 0.019K:X7 + 0.014K:X5+ 0.000875XsX10+
0.0804XsXo + 0.0013KgX11+ 0.0000157&10X11;

Gs=0.214 + 0.0081¢5- 0.131IX1Xg- 0.0704K X9+ 0.0309%K:Xe- 0.018K:X7+
0.02083Xg+ 0.12IX3Xg- 0.0036%KsXs+ 0.000771K5X10- 0.000535%KsX10
+0.0012XgX11 + 0.0018KgX10- 0.018X,%

G7=0.74- 0.61%- 0.163X3Xg+ 0.00123X3X10- 0.166X7Xg+ 0.227K,%;

Gg= 4.72- 0.5%5- 0.19:X3- 0.0122%X30+ 0.00932KsX;0+ 0.00019XK1,%

Go=10.58- 0.674X1X5- 1.95X:Xg+ 0.0205&K3X10- 0.0198K4X10+ 0.0286X10;

Gio= 16.45- 0.48%3X7- 0.843KsXs+ 0.043XgX10- 0.0556¢9X11- 0.00078614%;
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Glossary

CDF:
CIM:
DBDO:
FOB:
FORM:
LP:
PDF:
PHI:
PoD:
PHM:
RBDO:
RUL:
RVM:
SBI:
SBL:
SN:
SOB:
SORM:
SVM:

VHI:

Cumulative Distribution Function
Complementary Intersection Method
Detectability Based Design Optimization
First Order Bounds

Second Order Bounds

Linear Programming

Probability Density Function

Physical Health Index

Probability of Detection

Prognostics and Health Management
Reliability Based Design Optimization
Remaining Useful Life

Relevance Vector Machine

Similarity Based Interpolation

Sparse Bayesian Learning

Sensor Network

Second Order Bounds

Second-Order Reliability Method
Support Vector Machine

Virtual Health Index
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