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Failures of engineered systems can lead to sigmifieconomic and societal
losses. Despite tremendous efforts (e.g., $20biknnually) denoted to reliability
and maintenance, unexpected catastrophic failutidsoscurs. To minimize the
losses, reliability of engineered systems must fsueed throughout their life-cycle
amidst uncertain operational condition and manufang variability. In most
engineered systems, the required system reliabdéiyel under adverse events is
achieved by adding system redundancies and/or ctindusystem reliability-based
design optimization (RBDO). However, a high levekgstem redundancy increases
a system’s life-cycle cost (LCC) and system RBDQOwncd ensure the system

reliability when unexpected loading/environmentadnditions are applied and



unexpected system failures are developed. In csmtiea new design paradigm,
referred to as resilience-driven system design, @asure highly reliable system
designs under any loading/environmental conditiamsl system failures while
considerably reducing systems’ LCC.

In order to facilitate the development of formal theeologies for this design
paradigm, this research aims at advancing two &atand co-related research areas:
Research Thrust 1 — system RBDO and Research Thrastystem prognostics and
health management (PHM). In Research Thrust 1lalily analyses under
uncertainty will be carried out in both component aystem levels against critical
failure mechanisms. In Research Thrust 2, highbueate and robust PHM systems
will be designed for engineered systems with alsimmg multiple time-scale(s). To
demonstrate the effectiveness of the proposedmyRBDO and PHM techniques,
multiple engineering case studies will be preserdad discussed. Following the
development of Research Thrusts 1 and 2, ResednansfT3 — resilience-driven
system design will establish a theoretical bast @esign framework of engineering
resilience in a mathematical and statistical cantekere engineering resilience will
be formulated in terms of system reliability andtoeation and the proposed design
framework will be demonstrated with a simplifiedcaaft control actuator design

problem.
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Chapter 1: Introduction

1.1 Motivation

Failures of engineered systems can lead to sigmifieconomic and societal
losses. Despite tremendous efforts (e.g., $20biknnually) denoted to reliability
and maintenance, unexpected catastrophic failutidlsoscurs. As an example,
Ameren Corp. experienced an unexpected power tramsf fire in Missouri in 2002
as shown in Figure 1-1, which caused $3 millionperty damage and $2 million
business interruption. UPS Corp. also lost theipghg flight due to Lithium-ion
(Li-ion) battery explosion. To minimize the lossesljability of engineered systems
must be ensured throughout their life-cycle amustertain operational condition
and manufacturing variability. In most engineerggtams, the required system
reliability level under adverse evehis achieved by adding system redundancies
and/or conducting system reliability-based desigtinaization (RBDO). However, a
high level of system redundancy increases a systdifie-cycle cost (LCC) while
system RBDO cannot ensure the system reliability erwh unexpected
loading/environmental conditions are applied anéxpected system failures are
developed. It is well-conceived that engineeredtesys designed under the
conventional design paradigm are typically passimd thus non-responsive under

unexpected loading/environmental conditions.

! Adverse events could include the failure of compisigue to internal hazards (e.g., degradation)
and/or external hazards (e.g., harsh operationatlitons) that occur during the mission of the
systems.



(b)

Figure 1-1 Disastrous system failures: (a) unexpected fira GiSU power
transformer, MO, in 2002 and (b) unexpected syd$tlures of Li-ion
battery fire in UPS Flight 1307, PA, in 2006

Recently, prognostics and health management (PH&4) been successful in
lowering system maintenance by enabling proactiantanance decisions. A new
design paradigm, referred to as resilience-driwestesn design, capitalizes on PHM
technology at an early design stage to adaptivaBueng high system reliability
under adverse conditions. In contrast to conveatiaesign paradigm, resilience-
driven system design can ensure highly reliabletesys designs under any
loading/environmental conditions and system faguvehile considerably reducing
systems’ LCC. As a solution to overcome designaificies due to unexpected
loading/environmental conditions and system fagurthis new design paradigm
enables the transformation of passively reliablevidnerable) engineered systems
into adaptively reliable (or resilient) engineemydtems while considerably reducing
systems’ LCC. There is, however, no theoreticalishasnd design framework of
engineering resilience to facilitate the developmeh formal methodologies for
resilient engineered system design and to advamoeeational engineered systems to

resilient engineered systems.



1.2 Overview and Significance

This research aims at advancing two essential anelated research areas for
system resilience analysis and design: ResearchsiThr — system RBDO and
Research Thrust 2 — system PHM to facilitate theveldbpment of formal
methodologies for resilient engineered system destystem RBDO is capable of
designing engineered systems with sufficiently highability at the early stage of
their lifecycle, whereas capitalizing on PHM teclogy at the early design stage may
enable the transformation of passively reliable(ainerable) conventional systems
into adaptively reliable (or resilient) engineem@dtems while considerably reducing
systems’ LCCs. In addition to advancing the abave tesearch areas, this research
also makes the first attempt to establish a thealebasis and design framework of
engineering resilience in a mathematical and siedis context, which will be
elaborated in Research Thrust 3 — resilience-dreygtem design. Specifically, the
research scope in this dissertation is to devedgprical advances in the following

three research thrusts:

Research Thrust 1: System RBDO (Reliability Anaysi

Research Thrust 1 addresses research challenggsteam RBDO, specifically,
reliability analysis, to design engineered systevith sufficiently high reliability at
the early stage of their lifecycle. Reliability &yses under uncertainty will be carried
out in both component and system levels againsicalifailure mechanisms. For
component reliability analysis, the adaptive-spapsdynomial chaos expansion
(PCE) and asymmetric dimension-adaptive tensorymodADATP) methods are

proposed to efficiently address high-order intecas in system responses. For



system reliability analysis, the generalized commaetary intersection method
(GCIM) is developed to provide a unique systematslity estimate regardless of the

system structures (series, parallel, and mixedksyst

Research Thrust 2: System PHM

Research Thrust 2 aims at designing highly accumatierobust PHM systems for
engineered systems with a single or multiple timale(s). A PHM system generally
comprises of sensor selection, sensor network gordtion, data acquisition, data
processing, and remaining useful life (RUL) predictwith prognostic algorithms.
This thrust places the main focus on the designPBiM algorithms for data
processing, and accurate RUL prediction in reaktirior PHM in a single time-
scale, this research achieves two technical adgar(@ean ensemble data-driven
prognostic approach with weight optimization akfbld cross validation (CV) is
proposed to enhance the prediction accuracy andstobss of sole member
algorithms; and (ii) a co-training data-driven pmogtic approach is developed to
exploit the suspension data to achieve highly-c@mfi health prognostics with the
lack of failure data. For PHM in multiple time-sea) this research proposes a
multiscale framework with extended Kalman filtel({® and applies this framework
to Li-ion battery systems for efficient and accaratate of charge (SOC) and capacity

estimation.

Research Thrust 3: Resilience-Driven System Design

Following the development of Research Thrusts 1 2n&esearch Thrust 3 —
resilience-driven system design will establish aotietical basis and design

framework of engineering resilience in a mathenadtiand statistical context.



Regarding the construction of the theoretical badiengineering resilience, this
research formulates engineering resilience in temwhssystem reliability and
restoration. Regarding the development of the desigmework of engineering
resilience, this research proposes a resiliencerisystem design framework
composed of three hierarchical design tasks, nathelyesilience allocation problem
(RAP) as a top-level design problem, and the sy®&DO and PHM design as two
bottom-level design problems, and demonstrates deisign framework with a

simplified aircraft control actuator design problem

The proposed system resilience analysis and deseihodologies are expected
to make significant contributions to current knoside in resilient engineered
systems. This advanced knowledge will be applicabla broad class of engineered
system design problems. It is also believed thatitinovative research will enable a
transformative shift in engineered system desigmfreliability-based to resilience-
driven system design. The theoretical basis andguesamework of engineering
resilience gained from this research will faciktathe development of formal

methodologies for resilient engineered system aesig

1.3 Dissertation Layout

The dissertation is organized as follows. Chaptee\Zews the current state of
knowledge on system RBDO (specifically, reliabiligalysis), system PHM and
resilience concept, and presents the main chaleingthese research areas. Chapter 3
presents the adaptive-sparse polynomial chaos seigar{(PCE) and asymmetric

dimension-adaptive tensor-product (ADATP) methods €omponent reliability



analysis. Chapter 4 discusses the generalized eomepitary intersection method
(GCIM) for system reliability analysis for serigmrallel and mixed systems. Chapter
5 presents an ensemble data-driven prognostic agpreith weight optimization and
k-fold cross validation (CV) and a co-training ddtasen prognostic approach for
PHM in a single time-scale, and discusses a malgastramework with extended
Kalman filter (EKF) for PHM in multiple time-scaleChapter 6 presents the
resilience-driven system design framework and destnates this design framework
with a case study on the system resilience analysilsdesign of an aircraft control
actuator. Finally, Chapter 7 summarizes the coutioins of the research work and

gives insights on future works.



Chapter 2: Literature Review

In this section, current state-of-art knowledgedach of the three thrusts will be
reviewed: (i) reliability analysis methodologiesji) (prognostics and health
management (PHM) methodologies, and (iii) resileconcept. Literatures on each
of these three aspects are discussed in one sigpsant challenges are identified at

the end.

2.1 Reliability Analysis

In the past few decades, reliability analysis hesnbwidely recognized as of great
importance in the development of engineered systétesce, various methods have
been developed to assess the engineered systadilitgliwhile taking into account
various uncertainty sources (e.g., material proggrioads, geometric tolerances).
This section reviews these methods by classifylmgmt into two categories: (a)

component reliability analysis, and (b) systematality analysis.

2.1.1 Component Reliability Analysis

Engineered systems are typically composed of meltgomponents. To predict
the reliability at the system level, reliability aysis is often firstly conducted at the
component level, referred to as component religbiéinalysis. The component
reliability can be defined as the probability théke actual performance of an
engineered system meets the required or speciésjnl performance under various
uncertainty sources (e.g., material propertiesjdpgeometric tolerances). In order to

formulate the component reliability in a mathematiitamework, random variables



are often used to model uncertainty sources inneeged systems. The component
reliability can then be formulated as a multi-dirsi@mal integration of a performance

function over a safety region
R= f(x) o (2.1)

whereR denotes the component reliabilifyx) denotes the joint probability density
function (PDF) of the vector of random variables;= (x;, Xo,..., x\)' models
uncertainty sources such as material propertiasisiogeometric tolerances; the safety
domain °is defined by the limit-state function as’ = {x: g(x) < 0}; g(x) is a
component performance function. The concept of aomapt reliability analysis in a
two-dimensional case is illustrated in Figure 2¥he dashed lines represent the
contours of the joint PDF of the two random vargshy, (operational factors) and
(manufacturing tolerance). The basic idea of rditgbanalysis is to compute the

probability thatX is located in the safety regiorr = {x: g(x) < 0}.

g<0

Xo: operational

E factors

g>0
Failure |
region

X1: manufacturing tolerance

Figure 2-1 Concept of component reliability analysis.

In practice, however, it is extremely difficult fwerform the multi-dimensional

numerical integration when the number of randomatées is relatively large. The



search for efficient computational procedures tovede the reliability has resulted in
a variety of numerical and simulation methods sashthe first- or second-order
reliability method (FORM/SORM) [1-3], direct or smavionte Carlo simulation

(MCS) [4-7], dimension reduction (DR) method [8-16fochastic spectral method
[11-24], and stochastic collocation method [26-39]is section gives a brief review

of these approaches.

First- or Second-Order Reliability Method

Among many reliability analysis methods, the first- second-order reliability
method (FORM or SORM) [1-3] is most commonly uséde FORM/SORM uses
the first- or second-order Taylor expansion to agpnate a limit-state function at the
most probable failure point (MPP) where the lintdte function separates failure and
safety regions of a response. Some major challepiggee FORM/SORM include (i)
it is very expensive to build the probability dagsunction (PDF) of the response,
(ii) large errors can be generated for highly nosdir performance functions, and (iii)

system design can be expensive when employingya farmber of the responses.

Direct or Smart MCS

The direct or smart MCS provides an alternative viay multi-dimensional
integration [4-7]. Although the direct MCS [4] pruacks accurate results for reliability
analysis and allows for relative ease in the imgetation, it demands a prohibitively
large number of simulation runs. Thus, it is oftesed for the purpose of a
benchmarking in reliability analysis. To alleviatee computational burden of the
direct MCS, researchers have developed varioustdia6 methods, among which

the (adaptive) importance sampling methods [5-€] te most popular. The idea



behind the (adaptive) importance sampling is tiestain values of the input random
variables in a simulation have more impact on theameter being estimated than
others. If these “important” values are emphastkzgdampling more frequently, then
the estimator variance can be reduced. Hence, aoriant step in the (adaptive)
importance sampling is to choose a distributionclvhlencourages” the important
values and the simulation outputs are weightedhieylikelihood ratio. Despite the
improved efficiency than the direct MCS, these rmadthare still computationally
expensive, especially for component performancetians with very high or very
low reliabilities, where an extremely large samgpiee is required to achieve good

accuracy in predicting those highly tailed perfonte PDFs.

Dimension Reduction Method

Recently, the dimension reduction (DR) method [$ 8% been proposed and is
known to be a sensitivity free method for relidigilanalysis. This method uses an
additive decomposition of a response that simglifee single multi-dimensional
integration to multiple one-dimensional integratoby the univariate DR (UDR)
method [8] or to multiple one- and two-dimensiomaégrations by the bivariate DR
(BDR) method [9]. The eigenvector dimension recuttiEDR) method [10]
improves numerical efficiency and stability of thdOR method with the ideas of
eigenvector samples and stepwise moving least sguarethod with no extra
expense. Results of the DR-family methods are giverthe form of statistical
moments. To further predict the reliability or PDfthe response, PDF generation
techniques must be involved, which could increagemerical error in reliability

prediction. Furthermore, performance functions wstlong tri- and higher-variate
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interactions among random inputs require tri- andhér-variate dimension
decompositions for accurate reliability analysis |8 such cases, the computational
effort could become prohibitively large for highput dimensions, thus making the

decomposition strategy infeasible.

Stochastic Spectral Method

The stochastic spectral method [11] is an emerdeahnique for reliability
analysis of complex engineered systems. This metis®$ a number of response
samples and generates a stochastic response swpgpeceximation with multi-
dimensional polynomials over a sample space ofaandariables. Once the explicit
response surface is constructed, MCS is often tareckliability analysis due to its
convenience. The most popular stochastic spectedhad is the polynomial chaos
expansion (PCE) method. The original Hermite polgrad chaos basis was proposed
by Wiener [12] for modeling stochastic responsehw@aussian input random
variables. Xiu and Karniadakis [13] extended théhoe under the Askey polynomial
scheme to non-Gaussian random variables (e.g., ganmmiform, and beta), referred
to as the generalized PCE. The wavelet basis [dd haulti-element generalized PCE
[15] were developed to further extend the genezdliPCE to use the polynomial
basis functions that are not globally smooth. Hue estimation of small failure
probability, shifted and windowed Hermite polynomizhaos were proposed to
enhance the accuracy of a response surface irailbhesfregion [16]. In recent papers
[17-19], researchers have applied the PCE methadrious engineering reliability
problems. Although the PCE method is consideredbdoaccurate, the primary

drawback of the PCE method is the curse of dimeadity, which substantially
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increases the computational cost as the numbearafom variables increases. To
alleviate the difficulty, many adaptive algorithmgere recently developed. The
authors in 20 proposed an adaptive multi-elemenegdized PCE, where an error
indicator based on the decay rate of local variawes used for an h-adaptive
refinement. Its collocation-based counterpart, thmilti-element probabilistic
collocation method, used the tensor product orsgpgrid collocation [26] in each
random element [21]. A more recent version of theltirelement probabilistic
collocation method incorporates the ANOVA (AnalysifsVariance) decomposition
to truncate the PCE at a certain dimension to éurttnhance the computational
efficiency [22]. In addition to the multi-elemenCE, a sparse polynomial chaos
approximation was introduced as an alternativeetsadr-product polynomial bases
[23] and a sparse stochastic collocation methodedam this sparse basis was
recently developed in [24]. Although these adapgigorithms alleviate the curse of
dimensionality to some degree, more efforts ark stieded to fully resolve this
difficulty. As demonstrated by Lee [25], the implentation of the PCE method
becomes inconvenient in engineering design prasiivee the PCE order cannot be

predetermined for black-box-type problems.

Stochastic Collocation Method

The stochastic collocation (SC) method is anothechastic expansion technique
that approximates a multi-dimensional random fuonrctiising function values given
at a set of collocation points. A comparison betwde SC and PCE methods for
uncertainty quantification (UQ) was discussed i8][3vhere the SC method was

reported to consistently outperform the PCE methodhe SC method, the great
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improvement in reducing the curse of dimensionalitynumerical integration was
accomplished by Smolyak [26], who introduced theaept of the sparse grid. Since
then, the sparse grid has been applied to high rdimeal integration [27] and
interpolation [28], UQ in reliability analysis [3&nd design [39], and PDEs with
deterministic inputs [29] and random inputs [30-32pmpared to a full grid, the
sparse grid achieves the same accuracy level tegriation and interpolation but with
a much smaller number of collocation points. Rdgerthe so called dimension-
adaptive tensor-product (DATP) quadrature methdrbduced the concept of the
generalized sparse grid and considered the dimeaisimportance indicated by an
error estimator to adaptively refine the collocatipoints for efficient multi-
dimensional integration [33]. Klimke [34] furtherewdeloped this work for
hierarchical interpolation by using either pieceavinulti-linear basis functions or
Lagrangian polynomials. In this method, all the dmsions in the random space are
not considered as of equal importance and the m@aptampling scheme
automatically detects the highly nonlinear dimensiand adaptively refines the
collocation points in those dimensions. In [37]préori and a posteriori procedures
are included to update a weight vector for différstochastic dimensions, which
combines the advantages of conventional and dirmeakadaptive approaches. As
demonstrated in [35,36], the application of the PAMethod in stochastic problems

IS promising.

Summary and Discussion

As discussed above, a wide variety of numerical sintulation methods have

been developed for efficient and accurate uncdytgomopagation and reliability
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analysis of engineered components/systems subjectvdrious engineering
uncertainties. Recently, researchers are paying @ention to advanced sensitivity-
free reliability analysis methods such as the PG SC methods. Despite advances
in these advanced methods, critical challengekrstihain unresolved. In the PCE
method, the curse of dimensionality, which subsdigptincreases the computational
cost as the number of random variables increasgsdes severe limitations on the
practical use for reliability analysis. The SC nwethgreatly reduces the curse of
dimensionality by using the sparse grid and camaahieve a substantially higher
convergence rate by using its generalized counte(pa., the dimension-adaptive
tensor-product method). However, the dimension-dapalgorithm treats the
positive and negative axial directions in a multirdnsional cube as of equal
importance and thus may not be approximate forresging cases where not only
different dimensions but also two opposite dirawigpositive and negative) within
one dimension often demonstrate a large differanceesponse nonlinearity. The
above difficulties must be fully resolved to makes tadvanced reliability analysis
methods generally applicable to the practical emgjmg reliability analysis and

design problems.

2.1.2 System Reliability Analysis

System reliability analysis aims at analyzing thebability of system success
while considering multiple system performances aitufe modes (e.g., fatigue,
corrosion, fracture). Let us first stake a looktla¢ concept of system reliability
analysis with two performance functions (i.e., gag safetyg; and wear safetg;)

and two random variables (i.e., operational fackrsand manufacturing tolerance
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X2), as shown in Figure 2-2. In this figure, we h&awe limit state functiong; = 0
andg, = 0 which divides the input random space into fewlbspacesgs < 0 & go <

0}, {01<0&g>0} {0 >0&g <0}, {g >0 &g, > 0}. Component reliability
analysis aims at quantifying the probability thatamdom sample falls into the
component safety region (i.egi{< 0} or {g. < 0}) while system reliability analysis
(assuming a series system) aims at quantifyingptbbability that a random sampte
falls into the system safety region (i.egs & 0 & g» < 0}). Clearly, the component
reliability (for {g; < 0} or {g> < 0}) is larger than the system reliability sinttee
component safety region has a larger area thasyitem safety region by the area of

an intersection regiongf <0 & g, > 0} or {g; > 0 & g, < O}

A 0; < 0: fatigue safety
0, < 0: wear safety

Xo: operational factors

0:>0&¢g,>0

X¢: manufacturing tolerance

Figure 2-2 Concept of system reliability analysis (two perfame
functions)

The aforementioned discussion leads to a matheahatiefinition of system
reliability as a multi-dimensional integration ofj@int probability density function

over a system safety region, expressed as
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R= , f(x) (2.2)
wherex = (X, Xa,..., Xn)' models uncertainty sources such as material pieper
loads, geometric tolerancefs(x) denotes the joint PDF of this random vector:

denotes the system safety domain and, for this plmeads °

={x: gi(x) < O
02(X) < 0}. We can see that this formula bears a stgkiesemblance to that of
component reliability analysis. The only differerfaetween these two formulae lies
in the definition of the safety domain. For componesliability analysis, the safety
domain can be defined in terms of a single limétestfunction as *={x: g(x) < 0}.
For system reliability analysis involvingic performance functions, the safety
domains must be defined in terms of thesémit-state function.

We note that, in practice, it is extremely difficuio perform the multi-
dimensional numerical integration for system ralipbanalysis in Eg. (2.2) due to
the high nonlinearity and complexity of the systsafe domain. Compared with
tremendous advances in component reliability amglyghe research in system
reliability analysis has been stagnant, mainly @uevo technical difficulties. First, it
hard to derive an explicit formula for system riigy for given system redundancy.
Second, even if system reliability is given exghcimost numerical methods cannot
effectively assess system reliability with highigffncy and accuracy. Nevertheless,
in what follows, Nevertheless, in the subsequeatiaes, we will introduce the most

widely used bounds methods for system reliabilibalgsis as well as a recently

developed point estimation method.
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First- and Second-Order Bounds Methods

Based on the well known Boolean bounds, Ang ancerotiesearchers [40]
developed the first-order system reliability bouridis serial and parallel systems in
1960’s and 1980’s. Consider a serial system witlcomponents, the first-order

bounds for the probability of system failuPg can be expressed as

m

max P(E) £R£min  P(E), 1 (2.3)

i=1
It should be noted that an upper system reliablldynd is given with the assumption
that all system safety events are perfectly depend@d that a lower system
reliability bound is obtained by assuming thatsalstem safety events are mutually
exclusive. Since the first-order system reliabibgunds are usually too wide to be of
practical use, the application of the first-ordeubd method is very limited. Thus,
the need for narrower bounds results in the secoder bound method proposed by

Ditlevsen and Bjerager [41] in Eq. (2.4).

(2.4)
Emin  P(E)- maxP(EE) ,1
i=1 i=2 19
The above bounds, also known as Ditlevsen’s bouads,most widely used for
system reliability analysis. Other equivalent forwis Ditlevsen’s bounds can be
found in Refs [42-45]. Although second-order basintethod can give fairly narrow
system reliability bounds generally assuming gitka system input uncertainty

information, evaluation of these bounds usuallyfesaffrom numerical errors, since

most of numerical methods cannot evaluate prohisilof second or higher order
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joint events effectively considering system couplieffects between all different
modes. Besides, the second order method is nottaldarry out system reliability
assessment for a mixed system which does not fodosimple series or parallel

system structure.

Linear Programming Bounds Method

Recently, Song and Der Kiureghian formulated systetrability to a Linear
Programming (LP) problem, referred to as the LPndsumethod [46]. The LP
bounds method treats the system reliability asothjective function and obtains the
lower and upper bound through minimizing and mazing the objective function
accordingly. The LP bounds method is able to cateubptimal bounds for system
reliability with the component reliabilities and/probabilities of joint failure events
as provided input information. However, it is knowrat the LP bound method can
suffer when an approximate LP algorithm is used deer-constrained problems.
Besides, it is extremely sensitive to the accuratyhe given input information,
which are the probabilities of the first-, seconalhd high-order joint safety events.
To assure high accuracy of the LP bound method,rtpet probabilities must be

given very accurately and the problem must notJuss-constrained.

Complementary Intersection Method (CIM)

Most recently, Youn and Wang [47] introduced a noweencept of the
complementary intersection (Cl) event and propdeedcomplementary intersection
method (CIM) for system reliability analysis of gsrsystems. The CIM provides not
only a unigue formula for system reliability busalan effective numerical method to

evaluate the system reliability with high efficign@and accuracy. The CIM
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decomposes the probabilities of high-order joiniufa events into the probabilities
of Cl events. This probability decomposition allotie use of advanced reliability
analysis methods for evaluating the probabilitiethe second-order (or higher) joint
failure events efficiently. To facilitate systemliability analysis for large-scale
systems, the Cl-matrix can be built to store thabpbilities of the first- and second-
order CI events. The CIM with the EDR method wagsorted to outperform other
methods for system reliability analysis in termsefficiency and accuracy [47].
However, the application of the CIM is limited tcerges systems only. A
fundamentally sound framework must be establishezktend the applicability of the

CIM to parallel and mixed systems.

Summary and Discussion

Although the second-order bounds method and LP d®urethod can give fairly
narrow system reliability bounds given the proh#ibg of the joint safety events, the
evaluation of these bounds may suffer from numkecers since most numerical
methods are not capable of evaluate the proba&silaf second- or higher-order joint
safety events effectively while considering the ptew coupling between the
component safety events. Besides, these bounddsetannot provide continuous
system reliability estimate with respect to thetasys input random variables. The
CIM resolved these difficulties in system reliatyilianalysis of series systems.
However, these difficulties still remain unresolviedsystem reliability analysis of

parallel and mixed systems.
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2.2 Prognostics and Health Management (PHM)

As discussed above, tremendous research efforte baen devoted to the
physics-based reliability analysis under uncertasntduring the design stage of
engineered systems. Recently, Research on realdiagmosis and prognosis which
interprets data acquired by distributed sensor oisy and utilizes these data streams
in making critical decisions provides significamivancements across a wide range of
applications. Maintenance and life-cycle managemsnbtne of the beneficiary
application areas because of the pervasive nafutesign and maintenance activities
throughout the manufacturing and service sectorsintdnance and life-cycle
management activities constitute a large portiomwdrall costs in many industries
[48]. These costs are likely to increase due taifieg competition in today’s global
economy. For instance, in the manufacturing and/icersectors, unexpected
breakdowns can be prohibitively expensive sincey timmediately result in lost
production, failed shipping schedules, no operaliservice, repair cost, and poor
customer satisfaction. In order to reduce and pbssiliminate such problems, it is
necessary to accurately assess current systenh logaitlition and precisely predict
the remaining useful life (RUL) of operating compats, subsystems, and systems.
This section reviews the current state-of-the-atffViPtechnology that can predict
system’s health condition in: (a) a single timels@nd (b) in multiple time-scales. In
the former case, all the system health-relevardrinétion (e.g., health condition,
measurable physical quantities) of interest tendaty in the same time-scale. In the
latter case, the system exhibits a time-scale aépar In other words, certain system

health-relevant responses (e.g., health conditbm)terest tend to vary very slowly
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as opposed to other system health-relevant respofesg., measurable physical

guantities) that vary very fast.

2.2.1 PHM in a Single Time-Scale

Many engineered systems do not exhibit time-scapamations and their health
prognostics can thus be done in a single time-stalgeneral, technical approaches
for health monitoring and prognostics of these eagied systems can be categorized
into model-based approaches [49-51], data-drivepragehes [52-56] and hybrid

approaches [61-63].

Model-Based Prognostics

The application of general model-based prognostiggroaches relies on the
understanding of system physics-of-failure and udgog system degradation
models. In the literature, various stochastic degtian models have been developed
to model degradation behaviors of different engiedesystems. Luo et al [49]
developed a model-based prognostic technique #tiasron an accurate simulation
model for system degradation prediction and apptied technique to a vehicle
suspension system. Gebraeel presented a degradadideling framework for RUL
predictions of rolling element bearings under tivaeying operational conditions
[50] or in the absence of prior degradation infatiora[51]. As practical engineered
systems generally consist of multiple componentth wnultiple failure modes,
understanding all potential physics-of-failures ahdir interactions for a complex

system is almost impossible.

21



Data-Driven Prognostics

With the advance of modern sensor systems as veeldata storage and
processing technologies, the data-driven approafdresystem health prognostics,
which are mainly based on the massive sensory déta less requirement of
knowing inherent system failure mechanisms, hawenbsgidely used and become
popular. A good review of data-driven prognostipraaches was given in [52].
Data-driven prognostic approaches generally regthiee sensory data fusion and
feature extraction, statistical pattern recognitiamd for the life prediction, the
interpolation [53,54], extrapolation [55], or machilearning [56] and so on.

The data-driven prognostic approaches mentiondgtidnabove literature survey
belongs to the category of supervised learning wihielies on a large amount of
failure data for the offline training in order tahaeve good accuracy for the online
prediction. Here, failure data refer to conditiomnitoring data collected from the
very beginning of an engineered system’s lifetintiethe occurrence of its failure.
Unfortunately, in many engineered systems, onlyyviamited failure data are
available since running systems to failure can biaidy expensive and lengthy
process. In contrast, we can easily obtain a lameunt of suspension data. By
suspension data, we mean condition monitoring detquired from the very
beginning of an engineered system'’s lifetime tilirmed inspection or maintenance
when the system is taken out of service. The lackaibure data and plenty of
suspension data with rich information on the degtiad trend makes it essentially
critical and quite possible to utilize suspensi@tadin order to improve supervised

data-driven prognostics and achieve more accurateaining useful life (RUL)
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prediction. However, the utilization of suspensdata for data-driven prognostics is
still in infancy. The very few relevant works weeaaware of are the survival
probability-based approaches [57-59] and life-petage-based approach [60]. The
former approaches use conditional monitoring datanputs to an artificial neural
network (ANN) [57] or relevance vector machine [, which then gives the
survival probability as the output. As pointed anit[60], the drawback of these
approaches lies in the fact that the outputs casastly be converted to equivalent
RULs for practical use. In contrast, the latter rapgh employs the condition
monitoring data and operation time as inputs té&\BIN which then produces the life

percentage as the outpuit.

Hybrid Prognostics

Hybrid approaches attempt to take advantage ofsttength from data-driven
approaches as well as model-based approaches ing the information from both
approaches. Garga et al. [61] described a datarfuapproach where domain
knowledge and predictor performance are used termgte weights for different
state-of-charge predictors. Goebel et al. [62] @ygadl a Dempster-Shafer regression
to fuse a physics-based model and an experieneztbasdel for prognostics. Saha
et al. [63] combined the offline relevance vectoacmne (RVM) with the online
particle filter for battery prognostics. Similar tmodel-based approaches, the
application of hybrid approaches is limited to ttases where sufficient knowledge

on system physics-of-failures is available.
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Summary and Discussion

The traditional data-driven prognostic approactoisonstruct multiple candidate
algorithms using a training data set, evaluater trespective performance using a
testing data set, and select the one with thepgm$&trmance while discarding all the
others. This approach has three shortcomingshé)stlected standalone algorithm
may not be robust, i.e., it may be less accuratervmthe real data acquired after the
deployment differs from the testing data; (ii) iastes the resources for constructing
the algorithms that are discarded in the deploym@ntit requires the testing data in
addition to the training data, which increasesdherall expenses for the algorithm
selection. Thus, an accurate yet robust data-driw&gnostic approach must be
developed to overcome these drawbacks.

In addition to enhancing the prognostic accuracyl anbustness, another
important issue as mentioned above is to achiey@yrconfident health prognostics
when we only have very limited failure data buiaegk amount of suspension data.
Although the approach described in [60] is capalblenhancing the accuracy in RUL
prediction with suspension data, it still suffersmi the follows drawbacks: (i) it
simply uses all suspension data regardless of wlaéty and usefulness; and (ii) the
only criteria to determine the RUL of a suspensimit is the minimization of a
validation error in the offline training, which ddulead to a largely incorrect RUL
estimate or even a physically unreasonable esti(hateless than or equal to zero) of
that unit. Thus, a smart data-driven prognosticr@ggh should be developed which
can selectively utilize the suspension data as ag#ffectively predict the RUL of a

utilized suspension unit.

24



2.2.2 PHM in Multiple Time-Scales

Different physical principles governing system Hieaklevant responses over
time require health monitoring and prognostics iifiecent time-scales. Challenges
exist in PHM for such systems. For example, if we iaterested in the evolution of
the system health condition over a large time-scatel measurable physical
guantities evolve in small time-scales, we mustrese the system health condition
using the measurements for all the small time stéffsn one large time step, which
can be very inefficient and produce large variand@e estimate.

As a typical engineered system with time-scale i, the Li-ion battery
system is considered for the demonstration of PlaMsf/stems with multiple time-
scales. Lithium-ion (Li-ion) batteries are the raxdeable batteries most commonly
used in hybrid electric vehicles (HEV), battery otz vehicles and consumer
portable electronics. Among these applications,HE® environment is particularly
harsh, imposing many stringent load requirementtherbattery cells [64]. The harsh
operation conditions and demanding requirementsiireqthe incorporation of
resilience into a battery system. Typical paransetedicative of a battery system’s
conditions are the state of charge (SOC), statbeafth (SOH) and state of life
(SOL). The resilience must be the hallmark capgbdf a battery system that can be
used to optimally maintain the SOC, and the curgerd future health conditions
(SOH/SOL), and to provide this information for d@#on-making on cell balancing
and maintenance (see Figure 2-3). To this end,reeaprognostic methods must be
incorporated into the battery management system3Bid accurately estimate the

SOC, SOH and SOL to manage the battery healthanthkimize the useful lifetime
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of the pack. This section reviews current statarbimethods for SOC and SOH/SOL

estimation.

Sensing Passive capacityCy;s = 20%, Cgpar = 109 A)

Voltage

Current

Reasoning

SOC/SOH/SOL

Prognostic metho
Legend g qu Adaptive capacity: Cys = 60%, Cpar = 40%

B \oltmeter

+
B Amperemeter
8 Thermocouple Restoration action
Decision making j
100% .
' Capacity Cell balancing

0% level Cell replacement

Figure 2-3 Resilience process of an HEV battery pack. Capitajion the
engineering resilience enables the optimum celakzation/replacement, thus
maximizing the charge/discharge capacity restamatio

State of Charge (SOC) Estimation

Numerous approaches have been proposed to estineaOC of battery cells.
These include coulomb-counting methods [65,66],ddgnce measurements [67-70],
open-circuit voltage (OCV) measurements [71,72]JecEb-Motive Force (EMF)
measurements [73,74], adaptive systems employing#a filters [75-79], fuzzy
logic [80,82] and neural networks [82,83]. An exdse review of most of these
methods can be found in Piller [84]. The coulomiwdng procedure is easy to
implement but it suffers from an initial value errand accumulated errors due to
current measurements and charge lost [85]. The -opeunit voltage (OCV)

measurement is inexpensive and accurate for prestefiircumstances but it needs a
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long rest time and thus is not suitable for realetiapplications [86]. Fuzzy logic and
neural network methods have been found to be aipéconly if training conditions
are similar to testing ones. To compensate for #m®rtcomings of the
aforementioned methods, Plett [75-78] proposed daptave system based on an
extended or sigma point Kalman filter and an extan®f circuit analog models.
Accurate SOC estimation results were reported & dhban dynamometer drive

scheme (UDDS) tests.

State of Health (SOH) and State of Life (SOL) Estiion

As a battery cell ages, the cell capacity and taste directly limit the pack
performance through capacity fade and power fadgpectively [76]. These two
degradation parameters are often used to quartdycell state of health (SOH).
Thus, it is important to accurately estimate thes@meters to monitoring the present
battery SOH and to predict the remaining usefel (RUL). Recent literature reports
various approaches to estimate the SOH with a facushe capacity estimation.
Joint/dual extended Kalman filter (EKF) [76] andsoanted Kalman filter [78] with
an enhanced self-correcting model were proposedinmltaneously estimate the
SOC, capacity and resistance. To improve the pedaoce of joint/dual estimation,
adaptive measurement noise models of the Kalmtear filere recently developed to
separate the sequence of SOC and capacity estmm{&@¢. A physics-based single
particle model was used to simulate the life cygldata of Li-ion cells and to study
the physics of capacity fade [88,89]. In the PHMisty, a Bayesian framework
combining the relevance vector machine (RVM) andiga filter was proposed for

prognostics (i.e., RUL prediction) of Li-ion batgecells [63]. More recently, the
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particle filter with an empirical circuit model wased to predict the remaining useful

lives for individual discharge cycles as well asdygcle life [90].

Summary and Discussion

In general, existing PHM techniques for engineesgdtems with time-scale
separation simultaneously estimate all the systeattlinrelevant responses of interest
in the small scale. The joint estimation presemts difficulties: (i) it requires
tremendous computational efforts since the vasontgjof computational time must
be spent evolving the fast time-varying healthyrate responses of the system while
we may be primarily interested in the slowly timeying health-relevant responses;
(i) it may provide noisy estimates of the slowlyné-varying health-relevant
responses. For example, commonly used joint/dud K battery SOC and capacity
estimation suffers from the lack of accuracy arfitiehcy in the capacity estimation.
Thus, a prognostic approach that takes into accbm@-scale separation must be
developed to achieve high-fidelity and high-effirmg health monitoring and

prognostics for engineered systems with time-ssaparation.

2.3 Resilience Concept

In recent years, research on resilience has begglywtonducted in ecology [91-
93], psychology [94-97], economics and organizatiastience [98-100], and others
to improve the ability of systems or people to mgbto and quickly recover from
catastrophic events. In contrast to the resilieresearch in several non-engineering
fields, resilience in engineering design remainaast untouched. There is still a
great need for a theoretical basis that furnishelsetter understanding of how

engineered systems achieve resilience, as wellnables the development of a
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generic resilience principle widely applicable ke tfield of engineering design. In
what follows, a brief review of the research onili@sce in non-engineering fields
will be provided with an aim to extract useful infeation for the theoretical basis of
engineering resilience.

In ecology, resilience is loosely defined as “thdity of the system to maintain
its function when faced with novel disturbance” JJ9The current research on
resilience applied to ecosystems mainly focusesthmn analysis of ecosystem
resilience using complex adaptive systems (CASOring92]. As an extension of
traditional systems theory, the CAS theory enahleysis of the role of adaptation
in system resilience through specifically modelingw individual variation and
changes in that variation lead to system-level aesps [92]. Furthermore, natural
selection and evolution play an important role ra@ng ecological response to
disturbance, which provides new insight to the wsi@dading of resilience [93]. In
psychology, resilience is defined as a dynamic gsscthat individuals exhibit
positive behavioral adaptation when they encousignificant adversity [94]. The
process of resilience involves both the exposureadversity and the positive
adaptation to that adversity. Extensive researshbleen conducted to understand the
protective factors that contribute to people’s ad@pn to adverse conditions, e.g.,
bereavement [95], terrorist attacks [96], or urpawerty [97].

In economics and organizational science, resilienican organization can be
defined as its intrinsic ability to keep or recoweestable state, thereby allowing it to
continue operations after a disruption or in preseof continuous stress [98,99]. In

economics, resilience can be improved by addingunddncy or increasing
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flexibility. While investments in redundancy meams pure increase in cost,
investments in flexibility yields many competitivadvantages in day-to-day
operations [98]. Of particular interest here is fttlearacterization of a resilient
organization with the following three steps withthee context of a perturbation, as
shown in Figure 2-4 [100]. Firstly, the organizatishould continuously monitor key
state variables indicative of its health conditimnanticipate the occurrence of a
perturbation. Secondly, upon the occurrence of ugmtion, the system should
conduct the situation assessment and identify &amapway to reorganize itself and
keep operations. Thirdly, after the occurrence gbesturbation, the organization
should analyze various alternative ways of funcetignand learn from the past
experiences to determine the most relevant staiables for the first step and to
enhance its capability to cope with perturbations.
Adaptation

S;l:gtyagilr?n?c;?g » Situation assessment, »
paring reorganisation

unexampled threats

Evaluation,
learning

>
[ Alert& { Constantly self-critical: \Alternativewaysoffunctioning
i Observant; ! & inquisitive : Perturbation >

Figure 2-4 Resilient (Proactive) organization.

In contrast to the aforementioned developments esflience in many non-
engineering fields, resilience in engineering deskas rarely been studied. One
possible reason is that PHM, which is essentiahédke engineered systems resilient,
has only recently received critical attention frtme research community. It is fair to

say, therefore, that there is still a great needaftheoretical basis that furnishes a
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better understanding of how engineered systemgwaehesilience, as well as enables
the development of an engineering resilience pplecireadily applicable to

engineering design.
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Chapter 3. Component Reliability Analysis

Engineered systems are subject to various unceesiand variabilities such as
physical uncertainties and variabilities, modebesr(or uncertainties) and statistical
uncertainties. Thus, system reliability analyssaa essential step in system RBDO,
must be able to systematically handle these unoges and variabilities in
engineered systems. Component reliability analyss been recognized as an
essential element to successfully conducting systembility analysis. However,
advanced component reliability analysis methoddesurom either the curse of
dimensionality or the lack of accuracy. To addrdss challenge, this research thrust
identifies two research solutions as: (i) adaptparse polynomial chaos expansion
(PCE) method, and (ii) asymmetric dimension-ada&ptignsor-product (ADATP)

method. These research solutions are detailedbisesuent sections.

3.1 Adaptive-Sparse Polynomial Chaos Expansion jiG#hod

To resolve the curse of dimensionality in the PC&hud, as identified in the
literature review, this research presents an adagstparse polynomial chaos
expansion (adaptive-sparse PCE) method for religbdnalysis and design of
complex engineered systems. To overcome the cdrden@nsionality of the PCE
method, this research first proposes an adaptigesspexpansion scheme. This
scheme automatically detects the most significanartate terms and adaptively
builds the sparse PCE with the minimum number ofatate basis functions.
Moreover, the adaptive-sparse scheme offers theiti@uml capability of

automatically adjusting the PCE order to optimihe taccuracy of the stochastic
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response surface. The PCE model resulting from aith@ptive-sparse scheme is
expected to achieve an optimal compromise betwbenUDR and BDR (more
accurate than the UDR and more efficient than tBRRB To make the proposed
method computationally tractable for engineeringigie, the projection technique
used in the EDR method is employed to effectiveympute the expansion
coefficients. Moreover, a copula theory is sucadbsfintegrated to the proposed
adaptive-sparse PCE method, which enables the rogsitp handle nonlinear
correlation of input random variables. The adaptiparse PCE method is expected to
give good accuracy and efficiency for highly noekn responses containing only a

specific part of bivariate terms with significanteractions.

3.1.1 Review of Polynomial Chaos Expansion (PCE)hde

In the following sections, we will model tiddimensional real random variables

X = (X1, Xo,..., Xa)' in @ complete probability spac®/( , ), whereWis a sample
space, Iis a -algebra oW, and is a probability measure function [0, 1].
Then the probability density function (PDF) of thendom variablex; defines a
probability mappingfi(x): *, where the support; is a one-dimensional
random space ok . Under the assumption of independence, the piidiab
characteristics of the random variablesan be completely defined by the joint PDF
f(x) = fi(x1) fa(x2) fn(xn) with the support = 1 » . Letg(x) denote a smooth,
measurable performance function of, ( ), which can be treated as a one-to-one

mapping betweemN-dimensional space and one-dimensional sgace" . In

general, the performance functigfx) cannot be analytically obtained, and the
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function evaluation ofg for a given inputx requires an expensive computer
simulation. Therefore, it is important to employnamerical method for reliability
analysis that is capable of producing accurateaiiistic characteristics af(x) with

an acceptably small number of function evaluations.

Generalized PCE Method

The original Hermite polynomial chaos, also ternasdthe homogeneous chaos,
was derived from the original theory of Wiener [1@1] the spectral representation of
any second-order stochastic response in terms ofskmn random variables. To
improve the expansion convergence rate, Xiu andhiddakis [13] extended the
method, under the Askey polynomial scheme, to nansSian random variables
(e.g., gamma, uniform, and beta). The types of @andvariables and the
corresponding orthogonal polynomial families ageld in Table 3-1. In the finite
dimensional random space a second-order stochastic respogsmn be expanded

in a convergent series of generalized polynomiabsthbasis as

g(X)=cOVo+¥ qyléil(X))+¥ ey A (02 ()

ip=1 ip=1i,=1 (3.1)

¥ o0 i

+ Qﬂéé/s(zil(x)’ziz(x)’zi3(X))+

i =1i,=1i4=1
wherey,(z, (x) 2., (x)...z, (X)) denotes ther-dimensional Askey-chaos of order

nin terms of the random variabl{:zil,ziz,...,zin} . According to the Cameron-Martin

theorem [105], the polynomial chaos expansion in(Bd.) converges in tHe, sense.
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Table 3-1 Types of random inputs and corresponding polynoohabs basis

Random variable Polynomial chaos Support
Gaussian Hermite (-inf, +inf)
Gamma Generalized [0, +inf)
Continuous (Exponential) Laguerre (Laguerre) *™

Beta Jacobi [a,b]
Uniform Legendre [a,b]
Poisson Charlier {0,1,}.

_ Binomial Krawtchouk {0,1,..N}

Discrete _ _ _ _

Negative Binomial Meixner {0,1,.}.
Hypergeometric Hahn {0,1,,N}

For the purpose of notational convenience, Eq) (8.&ften rewritten as
g(x)= sF((x), ={zz.} (3.2)
where there exists a one-to-one mapping betweepdlymomial basis functiongy

andF;, and the PCE coefficienssand C..

et
The orthogonality of the Askey-chaos can be expass
E FF, :q}EFi2 (3.3)

where j is the Kronecker's delta ar]-] is the expectation operator. Considering all
N-dimensional polynomials of degree not exceedingives the truncated PCE as

follows (with P denoting the number of unknown PCE coefficients):

g(x)= sFi() x={xx%, x. {2z, 7 (3.4)

In the above summation, the number of unknown P&HficientsP is
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N+p (N+p)
p  Nip

(3.5)

Determination of PCE Coefficients

In this study, the reliability analysis for the fiemance functiorg under random
inputsx is of our interest. Since the uncertainty of a&l#stic responsgcan be fully
characterized by the PCE coefficients in Eq. (3aB)efficient and accurate numerical
procedure to compute the coefficients is essefurakliability analysis.

Based on the orthogonality of the polynomial chatbe projection method
[106,107] can be used as a non-intrusive approaclktompute the expansion
coefficients of a response. Pre-multiplying botlesi of Eq. (3.2) by ;( ) and taking

the expectation gives the following equation
Egx)F ()=E F.(F() (3.6)

Due to the orthogonality of the polynomial chaog, 8.6) takes the form

_E g(x)F,()
S; = EF]?() (3.7

In this expression, the denominator is readily imiatd in an analytical form, while the

numerator may require a multi-dimensional integrati This integration may be

accomplished by the full tensorization of one-digienal Gaussian quadrature [107],
the crude MCS [108], or the Smolyak sparse grid4233,36]. The relative merits
and disadvantages of these approaches are distuelsad

Approach 1. The full tensorization of one-dimensional Gaussjaadrature exhibits

fast convergence for smooth integrand. However, dbmputational cost grows
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exponentially with the dimensioN: M = M;", which is known as the “curse of
dimensionality”. HereM denotes the total number of function evaluationd lsla
denotes the number of one-dimensional quadratunatspoTo prevent large

integration errors\; should be at least equal to the PCE opder

Approach 2. The crude MCS is robust and has a convergencéhattés independent

of the dimensiorN asymptotically [108]. However, the convergencegasy slow (as

1/~/M ). Thus, accurate results require a large numbéuraftion evaluations which
may incur intolerable computational burden, esplgcibor complex engineered

systems that are computationally intensive.

Approach 3. The sparse grid collocation based on the Smolygérdhm [26] offers
an alternative way for the multidimensional inteégna [27]. Compared with the fully
tensorized quadrature, it also achieves fast cgevee for smooth integrand but with
much lower computational cost. Recently, adaptilgorithms [33,36] have been
developed that further reduce the computationak. cdswever, the sparse grid
collocation methods still cannot fully resolve tti€ficulty induced by the “curse of

dimensionality”.

3.1.2 Adaptive-Sparse Scheme

The aim of this section is to develop an adaptparse scheme for obtaining the
minimum number of bivariate terms. In order to matkee adaptive process
computationally efficient and convergent, the ad@psparse scheme takes
advantage of the PCE as the projection basis dubketanherent characteristics of

orthogonal polynomials. For highly nonlinear resgpes containing only a specific
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part of bivariate terms with significant interactg) the PCE model resulting from the

adaptive-sparse scheme is expected to achieve tanabgompromise between the

UDR and BDR (more accurate than the UDR and mdieeit than the BDR).

This scheme mainly consists of two loops to deteem{outer loop) the number

() of the most significant bivariate terms (denoésda seB), and (inner loop) the

optimal expansion ordgx. The detailed procedures are listed as follows:

Initialization:

Quter loop:

(a) Initializep = 2,9 = 0,B = &, and set the convergence critekia
and » for the outer and inner loops, respectively.

(b) Compute the values of the performance funciygx) at the
univariate sample pointg( ), g(x™, Y, for i, = 1,2,...,My, k =
1,2,...,N, where the superscript denotes the corresponding sample
point for x, M; the number of univariate sample points in each
dimension, and ¥ the mean vector of input random variables
excludingx.

(c) With the function values obtained in step @@nstruct a %' order
PCE by computing the coefficients of univariate ypomial terms
while setting the other coefficients to zero. Thetimod for computing

the PCE coefficients are detailed in the subsegsestton.

(d) Compute the values g(x) at the N(N-1)/2 bivariate sample
points which correspond f8(N-1)/2 pairs of variablegy(x, x!, *,
for kI = 1,2,...N, k <1, where "' denotes the mean vector of input
random variables excluding andx. Based on the function values,

compute the error indicators for @l(N-1)/2 bivariate terms. Note
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that, for computing the error indicators, we do mequire all the
bivariate sample points that are used to compwgectiefficients for
each bivariate term but only pick one sample pfmntach bivariate
term. An error indicator for testing the bivariatgeraction between

K" andI™ input variables, x] is defined as

G (%% *')- o[ % %, k'l)‘
e o0} i (o))

where §,,(x, X', ) is the functional approximation at{( x', ')

€ = (3.8)

by a response approximation method using the fanatalues at the
univariate sample points. For the response appiatiom, we use the
stepwise moving least squares (SMLS) method of hvkhe details
can be found in the author’s previous work [10].this study, we
applyx! = «+ 3 candx'= | + 3,, where , and | denote the
means, andy and | denote the standard deviationsxpfandx. The
numerator in Eq. (3.8) can be treated as the aftesaluivariate
approximation error induced by the bivariate intdicn, while the
denominator can be treated as a normalization fadtbe error
indicator is a crucial part of the outer loop irethdaptive-sparse
algorithm. A larger error indicator implies a stgem interaction
between a given pair of variables. The pairs ofaldes with stronger
interaction are given a higher priority in the algon since the
inclusion of the pairs is likely to reduce a nuroatierror more

significantly in probability analysis.
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(e) Add the bivariate termx™*, %% with the @+1)" largest error
indicator to the bivariate se& = B {[ %", x™]} and increase the
number of bivariate termsgf = q + 1. Compute the function values of
g(x) at the bivariate sample points correspondindnéoliivariate term
[qu+1’ X|q+1].

() With the function values obtained in step (e€pmpute the
coefficients of bivariate polynomial terms in thenstructed PCE

model. The method for computing the PCE coeffigeare detailed in

the subsequent section.

Inner Loop: (g.1) Ifqg = 1, we intend to determine the optimum PCE order
through a convergence analysis. For this purpogen&ed an error
estimate to assess the performance of the coretrptorder PCE

(or stochastic response surfacg). We prefer an efficient error

estimate of which the evaluation only requires diready obtained
response values at the sample paifitsfor 1 i M, whereM is the
total number of sample points. In this study, we tiee coefficient of
determinatior??, which can be defined based on the residual sum of

square®grssand total sum of squaregssas

R*(g,)=1- see{8) (3.9)

eI'SS

where

o) o) o



and
_ (o(x")- 9] & MlMl ox") (3.11)

We note that the cross-validation-based errors][Mich have been
widely used in the machine learning technique talwate the model
performance, can also be used as error estimatesleserve future
studies.

(9.2) Increase the PCE order=p + 1.

(9.3) Repeat the steps (g.1) and (g.2) URtitonverges to within a

relative tolerance of,.

Postprocessor: (h) Compute the reliability valuesdol on the constructed PCE
model. The numerical method for estimating the atelity are
detailed in the subsequent section.

() Repeat the steps from (e) to (h) until theuealof reliability
converges to within a relative tolerance pf
The completion of the adaptive-sparse algorithnaiesmthe optimal determination
of the seB of bivariate terms and the PCE orgeiThe resultant PCE model should

guarantee the most accurate and cost-effectiariang all bivariate PCE models.

3.1.3 Decomposition-Based Projection Method

This section presents a decomposition-based prajechethod for efficiently
computing the expansion coefficients of an optimsget of uni- and bivariate
polynomial terms. The proposed method attemptsrtbiér reduce the computational

cost of the projection method.

41



Uni- and Bivariate Dimension Reduction

Let o' = denote the mean vector of input random variabletuding x;, and let

u'": denote the mean vector of input random variabbesluding x, and x .

Depending on the levels of the decomposition, the and bivariate decomposed

responses [9] can be expressed as, respectively,

N

a.(x)= g(x ')- (v Do ) (3.12)
and
o.(0=  o(x.x. ™)
B (3.13)
-(N- 2) i:lg(x’ ) (N'l)Z(N- 2) o )

It is important to note that the univariate decoswgmb response@; in Eq. (3.12)
contains the univariate terngéx, ') of any order in the Taylor series expansion and,
similarly, the bivariate decomposed respogge Eg. (3.13) has all bivariate terms in
the Taylor series expansion. Thus, the approximatim Eqs. (3.12) and (3.13)
should not be viewed as first- or second-order diagkeries expansion nor do they
represent a limited degree of nonlinearitygfx). In fact, the residual error of a
univariate approximation to a multidimensional grigion of a system response over
a symmetric domain contains only even-order termsgimension two and higher
since the integrations of odd-order terms beconmeszor a symmetric integration
domain and was reported to be far less than thatsscond-order Taylor expansion

method for probability analysis [8].
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Formulation of Decomposition-Based Projection Metho

To compute the coefficient of any™order univariate polynomial term

n( k(X),..., k(X)) in Eq. (3.1), which corresponds to a univariptdynomial term
i( W in Eq. (3.2), the proposed decomposition-basegjeption method uses the
univariate decomposed response in Eq. (3.12) [9¢ @xpansion coefficients can be

obtained by projecting the univariate terms aytg as

L _E 9(F,(a)

J E Fi(z)
“E gl )R (@) - (N Do ) E (a)
@= T (3.14)
=E g()&, k)Fj(zk)
E Fi(z)

Similarly, the coefficient of any™-order bivariate polynomial termu( «(x), ...,
1(x)) in Eqg. (3.1), which corresponds to a bivariatdypomial term ( «, 1) in Eq.
(3.2), can be computed using the decompositionebgsejection method. This
method makes use of the bivariate decomposed responEq. (3.13) [9]. The

expansion coefficients can be obtained by projgdtie bivariate terms ontggx) as

& = E g(x)F(2.2)

! E F?(ZWZI)
el M (aa)- (N D Ee(xF (2 4)
+WE g( )Fj(zk1z|)
@ ; E F2(z,.2) (3.15)

_E g()&'X’ k'l)Fj(Zkizl)
) E FT(ZK'ZI)

43



It is noted that Eqgs. (3.14) and (3.15) requireyoahe-dimensional and two-
dimensional integrations and are computationallyarefficient than performing the
N-dimensional integration. Thus, the computatiormaten calculating the coefficient
of any uni- or bivariate polynomial term is subgsially reduced by using the
decomposition-based projection method. Similarljhe t decomposition-based
projection can be extended to compute the coeffisieof tri- and higher-variate
polynomial terms. However, the coefficient of amy or higher-variate polynomial
term is treated as zero in this study. This is bseaf the following two facts: (i) for
most engineering problems, considering the intemadbetween two variables (i.e.,
the bivariate interaction) is sufficient to yieléry accurate statistical results [9], and
(i) the calculations of tri- and higher-variate lypwomial coefficients require a
substantially larger amount of computational effarhich may make the method

computationally intolerable.

Numerical Procedure of Decomposition-Based Prayadilethod

The numerical integration is required to evaluaéike first-order moments in Egs.
(3.14) and (3.15). The most straightforward andcieiit way is to directly use the
Gaussian quadrature, where Gauss-Hermite, Gaussitlegy and Gauss-Jacobi
guadrature rules determine the integration pointsassociated weights for a random
variable following Gaussian, Uniform, and Beta uisitions, respectively. However,
the direct numerical integration may have instabiand inaccuracy problems for
highly nonlinear performance functi@nand for high PCE orders while maintaining
reasonable efficiency. To enhance the stability aoduracy of the one- and two-

dimensional integrations in Egs. (3.14) and (3.1, first use the stepwise moving
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least squares (SMLS) method [10] to construct usmnd bivariate response
approximations with the response values evaluatekeapredefined samples points,
and then carry out the Gaussian quadrature infeggtwith a large number of
integration points (or a large quadrature ordexn the approximate response. Note
that the uni- and bivariate sample points used tmstuct the response
approximations should not be confused with thegraton points in the Gaussian
guadrature. Thus, even if the PCE orgeis increased, the numbers of uni- and
bivariate sample points may not necessarily beeas®d as long as the response
approximations by the SMLS are sufficiently acceratWe believe this is an
innovative way to enhance the efficiency in compgitine coefficients of high order
PCE terms. More detailed information regarding LS and Gaussian quadrature

for integrations can be found in the author’s poegiwork [10].

3.1.4 Copula for Nonlinear Correlation Modeling

In many structural reliability analysis and desfoblems, it is highly probable
that the input random variables such as mater@bgaties and fatigue properties are
correlated [110]. In this case, the reliability bsés and design requires a joint CDF
for the exact transformation of the correlated mandvariables into uncorrelated
standard normal random variables. However, it meguan infinite amount of data to
acquire the true joint CDF. In contrast, a copulty aequires marginal CDFs and a
dependence structure to formulate an approximame €@DF. Thus, the selection of
dependence structure and formulation of the joibF@an be done with a limited

amount of data [110].
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Introduction of Copula

In statistics, a copula is defined by Roser [1Xl}jafunction that joins or couples
multivariate joint distribution functions to theane-dimensional marginal distribution
functions”, or “multivariate distribution functionehose one-dimensional margins
are uniform on the interval [0,1]".

Let F be an N-dimensional cumulative distribution function (CDHRyith
continuous marginal CDRS;, F,,..., Fn. Then according to Sklar's theorem, there

exists a uniqu&-copulaC such that

F (% %0-%)= C(F(%) . R(%).&(x%)) (3.16)

It then becomes clear that a copula formulatesird ODF with the support of
separate marginal CDFs and a dependence struclee.copula is capable of
constructing the joint CDF in real applicationsiwtifferent types of marginal CDFs
or dependence structures. Various general typedepéndence structures can be
represented, corresponding to various copula famjilsuch as Gaussian, Clayton,
Frank, and Gumbel. Lati = Fi(x), i = 1, 2,...,N, a N-dimensional Archimedean

copula is defined as

Cluw, .ula)=Y; Y,(y) (3.17)

i=1
where denotes a generator function with a correlatioameter and satisfies the

following conditions:
“o i _y. d i
Y,(@)=0; limY,(u)=¥; —Y ,(uk 0 rd . (W € (3.18)

u® o0 du

Let (u)=u —1and\ =2, then we formulate a bivariate Clayton cop@a a
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_a 4 -la
Cluwla)=(u*+u”-1 (3.19)
More detailed information on copula families can fseind in References

[110,111].

Rosenblatt Transformation

The Rosenblatt transformation has been used extysior mapping the
correlated random variables onto the independeamdstd normal variables. The
successive conditioning procedures for a vectocarfelated random variables are

defined as [112]

z=/" F(%)

z,=j " R(%]x) (3.20)

7y =/ R I% % %)
where z;, 7,..., zy denote the independent standard random variabkes Hfe
transformation, ~Y(:) denotes the inverse CDF of a standard nornvidivie, F;(x|xs,
X2,..., Xi-1) denotes the CDF of conditioned orX; = X1, X2 = Xp,..., Xi.1 = X1, and can
be expressed as

(% fat)d
fo(X % %)

R6D6 %, xy)== (3.21)

wherefi(xy, X,..., X) denotes the marginal joint PDFxaf xa, ..., X;.

To use the Rosenblatt transformation for the puwpafsreliability analysis and
design, the joint CDF of input random variablesigtidoe available. However, it is
very difficult to obtain the joint CDF in real apghtions. In contrast, a copula can

easily formulate an approximate joint CDF basedseparate marginal CDFs and
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correlation parameters, which can be practicalliaioled from limited experimental

data [110]. The Rosenblatt transformation for abate copula is given as

z=/"lu]7 " R(x)

F-1 - (3.22)
2=/ Cluly) 7 R(x)I &)
where
C(ulu)= P(U, € 4| U,= @:DEQOC(WD%DLE) -y, u)
' (3.23)
Tu,

After the Rosenblatt transformation, the independgandard random variables
are used as the Gaussian input variables for tmergkzed PCE with Hermite
polynomial basis. A vehicle side-crash examplehia tase study section illustrates

the feasibility of the proposed method.

3.1.5 Reliability and Sensitivity Analysis

Reliability Analysis

Once the uni- and bivariate PCE coefficients arleutated, an approximate

function of the original implicit performance fummt g is obtained as

N N

g(x)=9( )+  §F (a(x)* $F, (2 (x).2 (x))  (3.29)

k=1 j kl=1k<l j

The above expression can be viewed as an expliggpmgg: , Which
approximates the exact implicit mappirgg " . Thus, any probabilistic

characteristics ofj(x), including statistical moments, reliability, amDF, can be
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easily estimated by performing MCS. For examplg, @dhmoment can be calculated

m @ g (x) f(x)k
= E(@r (x)) —lim = of (x(k))

ns®¥ Ng k=1

(3.25)

wherem, is ther™ momentof the performance functiogy f(x) is the joint PDFx® is
the K" realization ofx; andnsis the sampling size. It is noted that, althougB3/is
used to compute the moments due to its convenid@nisajot required since moments
of a PCE can be analytically obtained. Low-ordemmeats (e.g., mean and variance)
have simple analytical forms while high-order momserfor which orthogonality
cannot be fully exploited, possess complicated sorror reliability calculation, let us

define an approximate safe domain for the perfogadanctiong as
We ={x:<j(x) <O} (3.26)

Therefore, the reliabilitRk can also be estimated by performing MCS as

R@ 1. (x) f(x)dx

_ o " (3.27)
= E (1 (x)) = lim Ekﬂlw(x )
wherel[-] is an indicator function of safe or fail statech that
1, x®iws
s (x(k)) = (3.28)

0, xMiw ws
It should be noted that the MCS performed heraegpensive because it employs

the explicit representation function in Eq. (3.24).
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Probabilistic Sensitivity Analysis

In reliability-based design optimization (RBDO)ppabilistic sensitivity analysis
is required to identify the effect of the changahe parameters of random variables
upon the change in reliability or moments. Since 3MS used for evaluating the
statistical properties (e.g" moment, reliability) of a response in the adaptperse
PCE method, this study computes the probabilistitsiivity of the response with
respect to a random variable using a finite difieeemethod (FDM). The FDM uses
the original and perturbed values of moments omabdities to computes their
sensitivities.

The sensitivity of any™ moment and reliability with respect to tffeelement i
(e.g., , or , etc.) in a vector of deterministic distributioarpmeters is computed

using Egs. (3.29) and (3.30), respectively.

fm () om(4+0g)-m(q)

(3.29)
Tg, Dg;
Rlg. +Dg ) - Rl g
fig, Dg,
wherem,( ) is ther™ momentof the constrainG (or the cost functioi€); | is the
J

perturbed value of;. A perturbation size of 0.1% is employed in thigdy. It is

noted that, for computing a perturbed moment aalpdity, an extra MCS based on
the approximate response model in Eq. (3.24) isl waéhout extra computational
cost. For the extra MCS, the random number seadthéooriginal MCS should be
reused to reduce numerical noise and obtain aestsdsitivity estimate. As an
alternative to the FDM, the score function can als® used to compute the

probabilistic sensitivities [113] and we observedikgr performance.
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3.1.6 Computational Procedure

The overall computation procedure is shown in Feg8-1. If nonlinear
correlation exists between the random inpytthe copula is employed to model the
joint PDF f(x) and the Rosenblatt transformation to transfornto independent
standard normal variables The computations of PCE coefficiergsin Eq. (3.14),
require the response values (i.e., values of thi@meance function) at the univariate
sample pointsg( ), g(x™, ¥, forix = 1,2,...,M;, where the superscript denotes
the corresponding sample point fqrandM; the number of univariate sample points
in each dimension. The computations of PCE coefiitsis” in Eg. (3.15) require the
response values at the bivariate sample pogixa’=’, x, &Y, forie =1,2,...,My,
where the superscript, denotes the corresponding bivariate sample pdantshe
bivariate term}x, x], andM, the number of bivariate sample points for eaclatiae
term. Thus, the total number of function evaluadifor the adaptive-sparse PCE with
g bivariate terms ig(M, — 1) +My(M; — 1)/2 + M1 — 1IN + 1. Below are several

important remarks regarding the properties of thegpéive-sparse PCE.

Remark 1. The N-variate,p™-order adaptive-sparse PCE is a finite sum of and
bivariate polynomial terms up to th#" order, with the coefficient of any tri- or
higher-variate polynomial term being zero. Thus,the tri- and higher-variate
interactions are negligible, the adaptive-sparsg& Bi®es an accurate approximation
of the functiong, with a lower computational effort than the convemal PCE.
Otherwise, numerical error in the adaptive-spaiS& hay be stacked up due to the
tri- and higher-variate interactions. More detaikdor analysis will be given in the

subsequent section.
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scheme)

Yes

Evaluate statistical moments,
reliability and/or PDF

Figure 3-1 Flowchart of the adaptive-sparse algorithm.

Remark 2. The uni- and bivaraite dimension reduction methdds/e been

extensively studied for reliability analysis andsgg by previous researchers [8-
10,114,115]. However, no attempt has been madeptimize the number of the
bivariate terms to be considered for probabilityalgsis. The common approach
either depends on the univariate dimension reducfigDR) [8,10,114] or makes
comparison with its bivairate counterpart, bivagiadimension reduction (BDR)
[9,115]. The method developed here uses the erdicator in Eq. (3.8) to adaptively
add the bivariate terms to the PCE model until mveogence criterion is achieved.
This adaptive process takes advantage of the PCHegrojection basis. The

inherent characteristics of orthogonal polynomialeke the adaptive process
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computationally efficient and convergent. Therefone argue that the adaptive-
sparse PCE achieves an optimal compromise betweerJDR and BDR (more

accurate than the UDR and more efficient than th&B

Remark 3. In addition to the Rosenblatt transformation, alédive transformation
techniques (e.g., Nataf transformation [116]) afso acapable of transforming
Gaussian variables with nonlinear correlation tdejpendent Gaussian variables. In
the current study, the non-Gaussian variables wibhlinear correlation are all
transformed to independent Gaussian variables. Menw& may also be possible to
transform the original random variables to indemmadon-Gaussian variables (e.g.,
gamma, beta) with distribution types supportedigyRCE. Thus, the selections of an

appropriate transformation technique and procedrgavorthy of future studies.

Remark 4. Through extensive testing with many mathematical @amgineering
examples, we observed that the parameter settind.01 and, = 0.001 achieves a
near-optimum compromise between the accuracy dmgeetcy. Thus we intended to
make this setting as a guideline for implementimg &lgorithm in most engineering
cases.More conservative criteria may give higher accurdmyt require more
computational effort. Thus, for a specific probletime optimum ; and , may vary

depending on the requirements on the accuracy finckecy.

3.1.7 Error Decomposition Scheme

The proposed adaptive-sparse PCE method integraesdaptive-sparse scheme
and the decomposition-based projection method thithPCE method. It is obvious
that the approximation and numerical schemes pmdsgsociated errors in the

proposed adaptive-sparse PCE method. This studyeftile analyzes the
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approximation and numerical errors in the propasethod, which provides insights
into identifying the most appropriate applicatidosthe proposed method. There are
three primary error sources: (i) a PCE truncatiomre( p), (i) an error due to a
univariate decomposition (), (iii) an error due to a bivariate decomposit{(og), and
(iv) an aliasing error of approximating the firsder moments in Eqgs. (3.14) and
(3.15) via the SMLS and Gaussian quadrature integralhe total error is a mean-
squares error of th&\l-variate, p"-order adaptive-sparse PCE with the Betof

bivariate terms and can be decomposed as

2

&= 9(q-w( (x) " F(x)a
£ 9 W 2f(x)05<+ o W W f(x) o
owiew (o we W (x) o
=g +g+E+¢

The detailed derivation of the first three erromis in Eqg. (3.31) can be found in

(3.31)

Appendix A.

3.1.8 Case Studies for Adaptive-Sparse PCE

Three mathematical and engineering examples arengim this section to
demonstrate the effectiveness of the adaptive-epBGE method. The first two
examples were used for studying the computationaliracy and efficiency of the
proposed method for uncertainty quantification areliability analysis. For
comparison purpose, we also employ FORM as a claskability analysis method,
and the univariate DR (UDR) method (with the PeaB®F generation system) as a
representative of the recently developed momergdaaliability methods [8-10]. In

the last example, we carried out reliability-basesbust design optimization
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(RBRDO) for a lower control arm in a high mobilitpultipurpose, wheeled vehicle
(HMMWYV). This case study demonstrates the feasiboif the proposed method in

complex product or process design.

V6 Gasoline Engine Power Loss: Bimodal PDF

This example is the V6 gasoline engine problem istudy Lee [25]. The
performance function considered in this exampliaéspower loss due to the friction
between the piston ring and the cylinder liner,amhsumption, blow-by, and liner
wear rate. A ring/liner subassembly simulation mades used to compute the power
loss. The simulation model has four input paransetigre ring surface roughness
liner surface roughness, linear Young's modulugs and linear hardnessg. Of the
total four inputs, the first two, ring surface réungssx; and linear surface roughness
X2, were treated as random inputs following normatributions with mean 4.0 and
6.119um, respectively, and with unit variance. The otfvay inputs, linear Young's
modulusx; and linear hardness, were treated as deterministic inputs fixed at 80
GPa and 240 BHV, respectively. It has been show25h that the power loss has a
bimodal PDF. To predict the bimodal PDF, the ada&psparse PCE uséd; = 20
and M, = 20. As shown in Table 3-2, the adaptive-sparqeamsion scheme was
converged withp = 25 andqg = 1. Figure 3-2 shows the PDF approximations ley th
16", 20" and 28" order PCEs with full tensorized Gaussian quadeafus = 17 forp
= 16,M,;= 21 forp = 20, andM; = 26 forp = 25), UDR and adaptive-sparse PCE.
Both the adaptive-sparse PCE and' ®dder PCE with Gaussian quadrature produce
accurate approximations for the left peak andr&jions of the PDF. The Térder

PCE cannot accurately approximate this bimodal R®E Figure 3-2a) while the'®5
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order PCE gives the most accurate solution. As showrigure 3-2b, the UDR fails
to represent the irregular shape of this PDF. Temparison results in Table 3-3
suggest that the adaptive-sparse PCE method is asotgate than the UDR method,
particularly for system responses with strong batarinteractions. The error in the
probability estimation by FORM is due to the noahnity of the power loss function.
The computational cost by the adaptive-sparse PEtad is much lower than that

by the conventional PCE method with full tensoriggalissian quadrature.

Table 3-2 Adaptive-sparse process of the adaptive-sparsef@Gke V6 engine

example
PC'(Ep;’rder No't;fn?s“’g)”ate No.FE R Reliability gf(l";‘t(';f)

Step 1 2 0 41 0.98842 0.00687 26.987
Step 2 2 1 61 0.98810 0.00717 32.532
Step 3 3 1 61 0.97922 0.00468 13.494
Step 4 ~ 23

Step 24 24 1 61 0.98197 0.00547 1.109
Step 25 25 1 61 0.98273 0.00547 1.109

Table 3-3 Probability analysis results for the V6 engine eglan

adaptive-sparse PCE ¢ = 20, 20N+1

PCE p=25) M5 GaussQuad) UDR FORM
Mean (KW) 0.3935 0.3935 03934  0.3935 i
Std. dev. (kw) 0.0315 0.0310 0.0311  0.0314 i
Skewness 10.5527-0.5883 05735  -0.5393 i
Kurtosis 3.0249 3.0828 3.0599  3.0974 i
PI(PL < 0.3) 0.0056 0.0054 0.0054  0.0048 0.0057
No. FE 61 100,000 441 41 15
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Figure 3-2 PDF approximations by the PCEs (a), adaptive-sa@e and UDR
(b) for the V6 engine example

Side-Impact Crash Problem: Nonlinear Correlation

Vehicle side-impact responses [117] are considinedystem performances with
statistical nonlinear correlation modeled by a dagheory [110,111]. The properties
of the design and random variables are shown ineTad4. This example considered
the velocity of a front door at B-pillar. The faikiis defined when the velocity

exceeds the threshold value 15.7. Thus, the sys&eformance can be expressed as

" 16.45 0.489,x- 0.848xF 0.0432x
g9(x)=

-15.7 (3.32)
-0.0556¢x,- 0.000788

In the study, the random variables and x; with the maximum variation were
assumed to have a statistical nonlinear correlatestribed by a Clayton copula, as
shown in Figure 3-3a. The rank correlation coediiti was used to quantify the
nonlinear correlation. In this case, we assumed rtrk correlation coefficient
Kendall's to be 0.75 and the corresponding copula paranetez 6.0. As discussed
in Section 3.1.4, the Rosenblatt transformatiomeiguired to transform correlated

input variables into uncorrelated standard nornaaiables. UsingVl; = 4 andMl, = 8,
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the adaptive-sparse expansion scheme was convettfeg = 3 andg = 1 and the
bivariate term considered was,[X;], which were nonlinearly correlated. To illustrate
the effect of statistical nonlinear correlation the system response, the PDFs for
both correlated and uncorrelated cases are shoviAgure 3-3b. It shows that the
nonlinear correlation affects the PDF of the syspariormance significantly and that

the adaptive-sparse PCE accurately predicted thie goed tail regions of the PDF.

Table 3-4 Input random variables for the side impact example

Random . . . Lower Upper
input Distri. type Mean Std. dev. bound bound Mode
X1 Beta 1.500 0.050 1.000 1.800 -
Xo Uniform - - 0.850 1.150 -
X3 Uniform - - 0.699 0.999 -
Xa Uniform - - 0.850 1.150 -
Xs Triangular - - 0.327 0.363 0.345
X5 Normal 0 10.000 - - -
X7 Normal 0 10.000 - - -
40 45
+ Cor. (MCS)
4—Cor. (Adaptive-sparse PCE)
---Uncor. (MCS)
20 35
-*g 3
825
&0 £
g 2
215
-20 1
05
“%0 20 0 20 40 15 e . 05 %
X5 Vellocity at B-pillar
(a) (b)

Figure 3-3 Scatter plot of input variableg andx; (a), and PDF results (b)
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Quantitative results are summarized in Table 3-&.flrther study the effects of
different correlation coefficients on the reliatylestimation, we plotted in Figure 3-4
the reliabilities for increasing values of Kendgll. As shown in the figure, the
correlation coefficients significantly affect theliabilities and the adaptive-sparse

PCE maintains consistent accuracy witkif.01 at all reliability levels.

Table 3-5 Probability analysis results for the side impaciraple ( = 0.75)

adaptive-sparse PCR £ 3) MCS
Mean -0.4766 -0.4813
Std. dev. 0.1408 0.1520
Skewness -1.7109 -1.7402
Kurtosis 10.2690 9.2106
Pr@@g<0) 0.9496 0.9437
No. FE 57 1,000,000
1= :
-&-MCS
—8-Adaptive-sparse PCE
0.98}
0.96}
E 0.94}
&
0.92¢
0.9}
0886 07 08 09 1
Kendall's =

Figure 3-4 Reliabilities for increasing values
of Kendall's
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Lower Control A-Arm: RBRDO against a Fatique Fadlur

Vehicle suspension systems experience intense ngaclbnditions throughout
their service lives. Control arms act as the bankbof the suspension system,
through which the majority of these loads are tmatted [118]. Therefore, it is
crucial that control arms be highly reliable white mass is minimized. The lower
control-arm was modeled with plane stress elemasisg 54,666 nodes, 53,589
elements, and 327,961 DOFs, where all welds wereeted using rigid beam
elements. Hyper-Works 8.0 was used for FE modelimgj design parameterization.
The loading and boundary conditions are shown guile 3-5a. The loading was
applied at the ball-joint (point D) in three direets, and the boundary conditions
were applied to simulate the bushing joints (poidteind B) and the joint with a
shock absorber and spring assemble (point C). HMBIWY lower control-arm

model was used for RBRDO using the adaptive-sf2@&e method.

RBRDO Formulation

From a worst-case scenario analysis, 91 constréiitso Go1) were defined in
several critical regions using the von Mises strassshown in Figure 3-6. With 91
stress constraints, the RBRDO is formulated as

Minimize Q = m, + s,

Subject toR = PrG (x d)=3(;(;d)- 8 OF (BF R# 1 (3393
y
d" £d£d’
where, the objective functio® is the summation of the mean, and standard
deviation , of the massx is the random vectod = (X) is the design vectos is

the von Mises stress of th constraint;s, is the yield stress and was set to 60.9 ksi
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for any constraintR' is the target reliability level and was set to839% for any

' = 3.0. The seven design

constraint, which corresponds to a target religbiiidex
variables are the thicknesses of the seven majmpooents of the control arm, as
shown in Figure 3-5b. Three load variables (notigiesariables) are considered as

random noisy variables. The statistical informatiohthese random and design

variables is summarized in Table 3-6 and Table i&spectively.

(b)
Figure 3-5 Three random load variables (a) and seven desigables (b)

Figure 3-6 Ninety-one critical constraints of the lower cohtfearm model.
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Table 3-6 Random force variables for the lower control A-anadel

Random variable Distri. type Mean Std. dev.
Fx Normal 1900 95
Fy Normal 95 4.75
Fz Normal 950 47.5

Table 3-7 Design variables for the lower control A-arm model

Design variable Distri. type Lower bound Initial des. Upper bound Std. dev.

X1 Normal 0.100 0.120 0.500 0.006
X2 Normal 0.100 0.120 0.500 0.006
X3 Normal 0.100 0.180 0.500 0.009
X4 Normal 0.100 0.135 0.500 0.007
X5 Normal 0.150 0.250 0.500 0.013
X6 Normal 0.100 0.180 0.500 0.009
X7 Normal 0.100 0.135 0.500 0.007

Optimization results

The adaptive-sparse PCE method with# 1 (= 41) FE analyses was carried out
to evaluate the quality function, 91 reliabilitiemd their sensitivities at any design
iteration, without considering the bivariate polymal basis functions. The
sensitivities of the quality function and reliabds with respect to the seven design
variable were computed by using a finite differemeethod (FDM) at each design
Iteration. The perturbed values of the quality tisrt and reliabilities were estimated

based on approximate stochastic response surf&@Eg)(with perturbed design
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variables, without requiring gradients of the ammi mass or stress functions. A
perturbation size of 0.1% is employed in this study

The design optimization problem was solved usingaalient-based optimization
technique (e.g., sequential quadratic optimizatioffe histories of the design
parameters, objective function, and reliabilities $ignificant constraint&e, Ggp and
Ggrare shown in Table 3-8. At the initial design, tonstraintsGs andGgp severely
violated the reliability requirement. After seveestyn iterations, the optimum design
was found where all the reliability requirementseveatisfied. Overall, the adaptive-
sparse PCE method required 287 FE simulations BRIRO. After the optimization,
the direct MCS with 5,000 random samples was engalay verify the reliability
results at the optimum design. The reliabilitiescohstraintsGg, Ggo and Ggz were
estimated by the MCS as 99.71%, 99.88%, and 99.8#8pectively, and all the other

constraints were confirmed with 100% reliabilities.

Table 3-8 Design history of the lower control A-arm model

Design Variables

Iter. Rs Rso Rg7 Ohb;j.
X1 X2 X3 X4 X5 X6 X7

0.1200.120 0.180 0.135 0.250 0.180 0.135 0.3235 0.0050 1.000031.473
0.1000.142 0.150 0.164 0.150 0.500 0.100 0.9989 0.99700.962032.044
0.1000.140 0.169 0.161 0.150 0.500 0.325 0.9988 0.99820.999832.875
0.1000.140 0.160 0.162 0.150 0.500 0.336 0.9982 0.9986 0.996332.513
0.100 0.140 0.164 0.164 0.150 0.500 0.228 0.9988 0.99890.999132.763
0.100 0.140 0.162 0.164 0.150 0.500 0.224 0.9986 0.9984 0.998232.607
0.1000.140 0.163 0.164 0.150 0.500 0.211 0.9985 0.99880.999132.697
0.1000.140 0.164 0.164 0.150 0.500 0.210 0.9987 0.99890.999132.717
Opt 0.100 0.140 0.164 0.164 0.150 0.500 0.210 0.9987 0.99890.999132.717

~N o o~ W N P O
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Figure 3-7 Stress comparisons of initial and optimum desighG§ at initial design
(b) G at optimum design, (go at initial design, (d¥5go at optimum design

The stress contours at the initial and optimumgiesior constraint&g andGgp are
shown in Figure 3-7. It can be seen in both comggahat the high stress areas are

greatly reduced by the RBRDO process.

3.1.9 Summary

In the first part of this chapter, the adaptiverspaPCE method is proposed for
efficient component reliability analysis involvingnigh nonlinearity or large
dimension. The adaptive-sparse PCE method comiiinesdeas and methods: (1)
an adaptive-sparse scheme to determine the nungpeof (the most significant
bivariate terms and PCE orde) (n the PCE model; (2) an efficient decomposition-

based projection method using the SMLS methodtl{8)integration of the copula
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system to handle nonlinear correlation of inputdan variables, and (4) the
systematic error decomposition analysis in the psed method. It was found in
many examples that the adaptive-sparse schemeeaangosition-based projection
method achieves greater accuracy and efficiency thther probability/reliability
methods, including FORM/SORM and moment-based biiilya methods. This high
accuracy can be attributed to the consideratiorsighificant bivariate response
components and the accurate integration schemieeb$NVILS method. The adaptive-
sparse PCE method can also approximate a multi-imB&4¥. Moreover, the
proposed method is stable, unlike other probakiétyability methods, since it does

not require a distribution generation system.

3.2 Asymmetric Dimension-Adaptive Tensor-Productibel

As mentioned in the literature review, the stodiasbllocation (SC) method
achieves great improvement in reducing the cursdiraénsionality encountered in
other advanced reliability analysis methods. Tdhier enhance the computational
efficiency of the SC method, this research presemtsasymmetric dimension-
adaptive tensor-product (ADATP) method. The proposgethod leverages three
ideas: (i) an asymmetric dimension-adaptive scheamefficiently build the tensor-
product interpolation considering both directioaad dimensional importance, (ii) a
hierarchical interpolation scheme using either @se multi-linear basis functions
or cubic Lagrange splines, (iii) a hierarchical dus as an error indicator to
automatically detect the highly nonlinear regionsairandom space and adaptively
refine the collocation points in these regions. phgposed method has three distinct

features for reliability analysis: (a) automatigalldetecting and adaptively
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reproducing tri- and higher-variate interactions) ¢reatly alleviating the curse of
dimensionality, and (c) no need of response seit@8. The ADATP method is
expected to perform accuracy and efficient religbinalysis for highly nonlinear

responses with significant tri- and higher-ordeeractions.

3.2.1 Review of Stochastic Collocation methods

Great attention has been paid to the stochastitocadion method for
approximating a multi-dimensional random functiamedo its strong mathematical
foundation and ability to achieve fast convergeiocenterpolation construction. This
section reviews the stochastic collocation methegiag the tensor-product grid, the
conventional and generalized sparse grids, andhigrarchical interpolation scheme

using multivariate hierarchical basis functions.

In what follows, we will model th&l-dimensional real random variables (x',
X%,..., X7 in a complete probability spac#/( , ), whereWis a sample space,
is a -algebra onV, and is a probability measure function [0, 1]. Then the
probability density function (PDF) of the randomriaale X defines a probability
mappingfi(x): | *, where the support; is a one-dimensional random space of
X. Under the assumption of statistical independetiee probabilistic characteristics
of the random variables can then be completely defined by the joint PID& =
f.0<) £,08) £ with the support = ;1 » . If the assumption of statistical
independence does not hold, that is, the randonables such as fatigue material
properties (fatigue ductility coefficient and exjeon) are statistically dependent, a

copula [110,111] can be employed to select anagpjate dependence structure and

66



formulate a joint CDF of the random variables basedavailable input data, which
then allows the use of the Rosenblatt transformdtid 2] to transform the dependant
random variables into independent standard noraradam variables. A numerical
investigation on how to deal with dependant randariables is provided in the
subsequent case study section. Since the constiucfi an interpolation in the
stochastic collocation method often requires aisfigdounded support = [0, 1"

of the random variables, we first truncate any unbounded one-dimensioaatiom
space ; (e.g. in the case of a Gaussian random variable)tiounded one;” = [c;,

di] that achieves a nearly full coverage of and then map any truncated one-
dimensional support], d] to [0, 1], resulting in a bounded hypercube [0, 1]". Let
g(x) denote a smooth, measurable performance funcmoi@V, ), which can be
treated as a one-to-one mapping between the tramsfioN-dimensional random
space and one-dimensional spage[0, 1" . In general, the performance
function g(x) cannot be analytically obtained, and the funceealuation ofg for a
given inputx requires an expensive computer simulation. Theeefibis important to
employ a numerical method for reliability analydisat is capable of producing
accurate probabilistic characteristics gi{k) with an acceptably small number of
function evaluations.

Classical Stochastic Collocation: Tensor-Produdd Gr

The stochastic collocation method basically apprates the performance
function g using N-dimensional interpolating functions with perfornsanfunction
values at a finite number of collocation points= {x; | ;| ,j = 1,..., ML

Suppose that we can obtain the performance funetdumeg(x;) at each collocation
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point x;. We then aim at building an interpolation or sgate model of the original
performance functiorg by using the linear combinations of these funct@ues
9(x;). The sampling process to construct this intepmtacan be accomplished by
using the tensor-product grid, conventional spagsel based on the Smolyak
algorithm [26], or generalized sparse grid basedhendimension-adaptive tensor-
product algorithm [33]. We begin by constructing timterpolation with the tensor-
product grid, or the tensor-product of one-dimenaianterpolation formulas.

In the one-dimensional cas& (= 1), we can construct the following one-

dimensional interpolation

. mo .
U'(g)= 4 xg(%) (3.34)
j=1
with a set of support nodes
X'={X 1%1[0d, £ 12..m} (3.35)
whereil s the interpolation Ievela,-iI C([0,1]) the j™ interpolation nodal basis

functions,x,-i the | support nodes andn the number of support nodes in the
interpolation leveli. Note that, by following the descriptions in Releces

[31,34,35], we use the superscripto denote the interpolation level during the
development of stochastic collocation methods. Twinlely used nodal basis
functions are piecewise multi-linear basis funcsi@md Lagrange polynomials. Here
we will briefly describe the fundamentals of pieegsvmulti-linear basis functions.
To achieve faster error decay, the Clenshaw-Cugrid with equidistant nodes is
often used for piecewise multi-linear basis funtsig34]. In the case of a univariate

interpolation N = 1), the support nodes are defined as
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1 ifi=1

M= o1 gfis1

i - 3.36
. At forj=1% m ifm>1 (3.36)
X= m-1

0.5 forj= ¥am im=
The resulting set of the points fulfill the nestipmpertyX' 1 X** that is very useful

for the hierarchical interpolation scheme detalbdr. Then the univariate piecewise

multi-linear basis functions, supported by the Gleaaw-Curtis grid, can be expressed

as [34]
a =1 fori = 1
P T P By
S} otherwise

for i > 1. More detailed information on the one-dimenalointerpolation can be
found in [34].

Applying a sequence of formulas in Eq. (3.34) oe tiriginal performance
function g in a nested form for alN dimensions, we can easily derive the tensor-
product of multiple one-dimensional interpolatiarrrhulas as the following muilti-
dimensional interpolation formula

i . e | nl rrN | s s - | |
(UsA Aun)(g)= (A Adikol%, .x) (338
=1 =L
where the superscript, k = 1,..., N, denotes the interpolation level along &
dimension,U * are the interpolation functions with the interpwlatleveliy along the
k™ dimension and the subscriptk = 1,..., N, denotes the index of a given support

node in thek" dimension. The number of function evaluations iegliby the tensor-

product formula reads
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M, =mxmx xn, (3.39)
Suppose that we have the same number of collocpbaris in each dimension, i.e.,
m =M= =my m, the total number of tensor-product collocatiompoisMr =
m". Even if we only have three collocation points £ 3) in each dimension, this
number M = 3Y) still grows very quickly as the number of dimens is increased
(e.g.,Mr = 3% ~ 6x1d, for N = 10). Thus, we need more efficient sampling saem
than the tensor-product grid to reduce the amod@irtomputational effort for the
multi-dimensional interpolation. The search for lsampling schemes has resulted
in sparse grid methods of which the fundamental$ e briefly introduced in

subsequent sections.

Smolyak Algorithm: Conventional Sparse Grid

Compared to the classical tensor-product algorithine Smolyak algorithm
achieves an order of magnitude reduction in the bamof collocation points while
maintaining the approximation quality of the intelgtion by imposing an inequality
constraint on the summation of multi-dimensionalices [26]. This inequality leads
to special linear combinations of tensor-productislas such that the interpolation
error remains the same as for the tensor-prodgotighm.

The Smolyak formulag\(g, N) are special linear combinations of tensor-product
formulas. Using tensor-products of one-dimensiomaérpolation functions, the
Smolyak algorithm constructs a sparse multi-dimameli interpolation as [28]

An(9)= (-2)""x N'_1| fur A AUY)(g) (3.40)

g- N+ EfiE g q- ||

wherei = (i1,---, in) IS the multi-index, and]||=1i; + --- + in. The above formula
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indicates that the Smolyak algorithm builds the trdilensional interpolation by

considering one-dimensional functions of interpolatlevelsiy,---, iy under the
constraint that the sum of these interpolation Ielies within the rangeg[— N + 1,
q]. With the incremental interpolant! = U' — U™, U° = 0, the Smolyak formulas can

be equivalently written as [28]
An(g)= (D"A AD")(g)
ilEq

:A1-1,N(g)+ (D1 A ADiN)(g)

lil=q

(3.41)

The above formulas suggest that the Smolyak algarimproves the interpolation by
utilizing all the previous interpolation formula&1n and the current incremental
interpolant with the ordey. If we select the sets of support nodes in a defstghion
(i.e., X' T X* to obtain recurring points (e.g., the ClenshawtiSugrid) when
extending the interpolation level fromo i + 1, we only need to compute function
values at the differential grids that are uniqutd, X ** = X*4\X'. In such cases, to
build a sparse multi-dimensional interpolation witie orderq, we only need to

compute function values at the nested sparse grid
Hyn :H (X5~ Xy F Hyuw D Hgy
ilEq

DH, = (xg’ 'x‘DN)

li[=a

(3.42)

where Hgn denotes the grid points required to increase tmpnlation order frong
—1toq.

Although the Smolyak algorithm greatly reducesnhenber of collocation points
for the multi-dimensional interpolation comparedthe tensor-product algorithms,

there is still possibility of further reducing thmimber of function evaluations in
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cases where the performance function exhibits rdiffedegrees of nonlinearity in the
stochastic dimensions. To achieve such a reductine,must adaptively detect the
dimensions with higher degrees of nonlinearity asgign more collocation points to
those dimensions. This can be accomplished by ubmgimension-adaptive tensor-

product algorithm, which is detailed in the nexbsection.

Dimension-Adaptive Tensor-Product Algorithm: Gehieed Sparse Grid

For a given interpolation levé) the conventional sparse grid requires the index
setlin ={i | | | + N} to build the interpolatiorA(l + N, N). If we loosen the
admissibility condition on the index set, we camstouct the index set of the
generalized sparse grid 33. An indexIsistcalled admissible if for ail 1,

i-el | forA E N,i> 1 (3.43)
Here, g is thek" unit vector. This admissibility condition still tssfies the telescopic
property of the incremental interpolarit= U' —U". Thus, we can take advantage of
the previous interpolation to construct a bettaenpolation by just sampling the
differential grids that are unique to the finerirgolation, as shown in Eqgs. (3.41) and
(3.42). In each step of the algorithm, an errordatbr is assigned to each multi-index
i. The multi-indexi; with the largest estimated error is selected foraaaptive
refinement, since possibly a larger error reductiam achieved. The admissible

indices in the forward neighborhood ipfare added to the index detThe forward

neighborhood of an indexcan be defined as
1.()={ +e,, 1EKEN} (3.44)

In each step, the newly added indices are callédeamdices and grouped as an

active index seta, whereas those indices whose forward neighborheoet been
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refined are called old indices and grouped as dmnalex seto. The overall index set
| comprises of the active and old index séts: 1o 1o. For more details of the
dimension-adaptive algorithm, readers are refeiwdgleferences [33] and [34].

It is noted that, in the dimension-adaptive alduomt the generalized sparse grid
construction allows for an adaptive detection & tmportant dimensions and thus a
more efficient refinement compared to the converdiosparse grid interpolation
[24,25]. However, in engineering practice, not odifferent dimensions but also two
opposite directions (positive and negative) witbimre dimension often demonstrate a
large difference in response nonlinearity. In saakes, it is desirable to place more
points in the direction with higher nonlinearityycathe dimension-adaptive algorithm

may not be appropriate for this purpose.

Hierarchical interpolation scheme using multivagihterarchical basis functions

For the dimension-adaptive interpolation, the highecal interpolation scheme
provides a more convenient way for error estimatioan the nodal interpolation
scheme [34]. Here, we start with the derivatioriefrarchical interpolation formulae
in the case of the univariate interpolation, whielkes advantage of the nested
characteristic of grid points (i.eX 1 X™). Recall the incremental interpolant
presented earlier, = U' —U'. Based on Eq. (3.34) at#l(g) = U'(U"}(g)), we can

write [34]

= dxx) - aut(d(k) (3.45)

|
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Since for aIIx,-iI X g(x') —U™g)(x') = 0, Eq. (3.45) can be rewritten as

D(g)= 4 %9(3) -U™(9(¥)) (3.46)

X1 %
SinceX'1 X™!, the number of grid points X ' reads
M= (3.47)
By denoting thg™ element ofX ' by x/', Eq. (3.46) can be rewritten as

o(9)=" 4 o) -U*(9(¥) .49

wj

Here,vv,-i is defined as the hierarchical surplus, whichdatis the interpolation error
of a previous interpolation at the nomhé of the current interpolation level The
bigger the hierarchical surpluses, the larger thterpolation errors. For smooth
performance functions, the hierarchical surpluggz@ach zero as the interpolation
level goes to infinity. Therefore, the hierarchicairplus can be used as a natural
candidate for error estimation and control [34]gufe 3-8 shows the comparison
between the hierarchical and nodal basis functieitis piecewise linear spline and
Clenshaw-Curtis grid [34]. Figure 3-9 illustrateBet comparison between the
hierarchical and nodal interpolation. Based onShelyak formula in Eq. (3.41), a

multivariate hierarchical interpolation formula da@ obtained as [34]
An(9)=A.(9+DAL(Y
=A 1 (g) (3.49)
© (@A Aok k) An(d(k %)

lil=a | i _
aj W}
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Figure 3-8 Nodal basis functions®, x’'1 X® (a) and hierarchical basis functiods
with the support nodes; I Xp, £ 1, 2, &(b) for the Clenshaw-Curtis grid.
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Figure 3-9 Nodal (a) and hierarchical (b) interpolations in 1D

3.2.2 Asymmetric Dimension-Adaptive Tensor-Proddethod

As an attempt to enhance the adaptive feature ef dimension-adaptive
algorithm, we, for the first time, introduce thencept of the directional sparse grid
(DSG) which allows for the considerations of botiectional and dimensional
importance. Furthermore, a hierarchical interpolatscheme using cubic Lagrange
splines is proposed for eliminating numerical inaecy of the high-order Lagrange

interpolation as well as maintaining the smoothnpssperty of the polynomial
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interpolation. The hierarchical ADATP interpolatiand UQ and reliability analysis

using the proposed ADATP method will also be presgim subsequent sections.

Directional Sparse Grid (DSG)
For the construction of the directional sparse ¢gD&G), a conventional index
in the case of the univariate interpolation is deposed into positive and negative

directional index (DI) sets as
1°={iv, i} (3.50)

where the positive DIi* corresponds to the DSG which belong to the indexd
whose values are greater than the value (0.5)eotdimter grid point, and the negative
DI i~ corresponds to the DSG which belong to the indexd whose values are
smaller than 0.5. For the multivariate cadé X 1), we obtain a tensor-product
formula of DI sets for a multi-indeixas

ID=If' 'Iﬁ (3.51)
where, 1.2 = {i", ik}, 1k N. Here, the forward neighborhood of a muilti-
dimensional Di¢! 1?2 is defined as thl indices §¢ + a3, 1k N, and the sign
of K" directional unit vectog”~ is the same with that of th&' index element (i"
oriy) of i%. If i,.% is equal to 1, i.e., the corresponding collocapoint is located at
0.5, both the positive and negative directionat uactors are employed to obtain the
forward neighborhood in that dimension. Figure 3sh@ws the conventional multi-
index and the proposed DI for a 2D interpolatiothvihe same set of the collocation
points. From this figure, it is observed that tmepmsed DI divides the conventional

index space into the four quadrants. In subsegsections, it will be seen that this

division allows for an adaptive refinement of thell@cation points in these
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guadrants. In general, it is noted that the DI dbgi the conventional multi-index

space into 2 N-hyperoctants for more precise refinement.

Conventional index sets Directional index sets

' _+
5[ LI A S A Y G
oo -+--J.---.L--*g’b%--a---:---.t--
I el
- e S+
S S AT
L R IE S
G e R
' : ' TR TN
: i . -
£l § -
1 2 3 4 5
® x ® . :
X X X ] X X X X X
& x
® % 0 X
Points = 17 Points = 17
() (b)

Figure 3-10 Conventional (a) and directional (b) index set&n
Top row: index sets including (1, 3) and,(3") denoted by, (2, 2)
and (Z, 2") denoted by O, (4, 1) and’(4") denoted by1. Bottom row:

corresponding collocation points.

Hierarchical interpolation scheme using cubic Lagesplines

For the dimension-adaptive interpolation, the hieecal interpolation scheme
provides a more convenient way for the error edionahan the nodal interpolation
scheme. In the case of singularities or discontiesliin the random space, the
piecewise multi-linear basis function provides @st) local support for the adaptive

algorithm. The detailed information regarding thelestion of grid type and
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numerical scheme can be found in [34]. The ClensBawtis grid with equidistant
nodes is recommended for piecewise multi-linearsbasmctions and is thus utilized
in the ADATP method. In the case of a smooth fuargtihe polynomial interpolation
provides a faster error decay with increasing nusib& grid points than the
piecewise multi-linear interpolation. However, thigh-order Lagrange interpolation
may give an inaccurate estimation of the perforradmction between collocation
points due to severe oscillation, especially whean ¢rid points are asymmetrically
distributed with respect to the center point. Teidwvhis numerical inaccuracy and
take advantage of the polynomial interpolation,iexdrchical interpolation scheme

using cubic Lagrange splines is proposed for théAP method.

Choice of Sparse Grid Type

For the Lagrange interpolation, it is known tha¢ t6hebyshev-Gauss-Lobatto
grid is a good choice due to its Chebyshev-basetk mbstribution and its nesting
characteristic [34]. However, this type of grid magt be appropriate for local
adaptivity without a global support provided by Lagge polynomials. In contrast,
the Clenshaw-Curtis grid with equidistant nodem@e suitable for a local support
provided by the cubic Lagrange spline functionattdition, it possesses the nesting
characteristic. Thus, we propose to use the Clemshatis grid as collocation
points. In the case of a univariate interpolatiNn=(1), the support nodes are defined
in Eq. (3.36). As mentioned earlier, the resultseg of the points fulfill the nesting

propertyX I X%, and thereforélq.ini Han.

Univariate Nodal Basis Functions
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The interpolation for smooth functions can be inwe by replacing piecewise
multi-linear basis functions by cubic Lagrange ig$. The univariate nodal basis

functions for cubic Lagrange splines can be expekss [119]

a =1 fori = 1
2oxe X
OX X itxi %%, F 2 m 2
:I:J:-l ,--X
B oxo X o
| XX it X%, F 1 (3.52)
aj: I=j+1xj_)<
Box- X
OX X itxi %%, Fom o1
::j—lxj_){
v
0 otherwise

fori > 1. In Eq. (3.52), the function value at endpajir,l j =1, m, is not given. Then
the polynomial on the intervak{, x;] is extended to the intervaky, x,] and the
polynomial on the intervabd,_2, Xm_1] to the interval fm—1, Xmi']. We observed that

these extensions caused negligible sacrifice of itherpolation accuracy on the

intervals ki, x2] and Kmi_1', X ]-

Asymmetric Dimension-Adaptive Tensor-Product (ADATRterpolation

Based on the proposed concepts of the DI and Dis&Soverall procedure of the
ADATP interpolation is briefly summarized in Tal8€9. The relative error indicator

used in the interpolation scheme can be defined foki (see Figure 3-10b) as

. 1 ;
= W 3.53
& (I) (gmax_ gmin) Mi j ‘ ]‘ ( )

wherew,' are the hierarchical surpluses of the collocafiomts X' = X 'tx...xX N,

withj = (1., jn), jk=1,...m™ 1 k N,andM, =m '~m 2. .m ™™, It is noted
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that, for simplicity, we use= (i, - in) instead of = (% .-, i) to denote a multi-
dimensional DI and that the term “index” in the cigstion of the ADATP method
refers to the DI. The pseudo code for the ADATRoatgm is given in Appendix B.
Under the proposed scheme of asymmetric sampliegexpect that the error decay

be at least as fast as that of the dimension-adafgnsor-product interpolation.

Table 3-9 Procedure of the proposed ADATP interpolation

Set an initial interpolation levél(q —N) = O; set the initial old index set
lo = @ and the initial active index det= {i}, where the initial active DI
i =(1,...,1) is the center point (0.5,...,0.5); setranal relative error
indicator (i) =1

STEP 1

Select a trial index sét (from1,4) with the error indicator greater than a
STEP 2 relative error threshold valug; move the active index skt to the old
index setlo. If I+ =@, goto STEP 7

Select and remove the trial indixvith the largest error indicator from
STEP 3 Iy; if none, go to STEP 6. If the number of the codiion pointdv
exceeds the maximum numb¥f,,,, go to STEP 7

Generate the forward neighborhdgdf i; and addl ¢ to the active index

STEP 4
setla

Compute the hierarchical surplus of each new agdét based on the
STEP 5 collocation points in the old index set and comghteerror indicator of
each active index. Go to STEP 3.

STEP 6 Set an interpolation levet | + 1 and go to STEP 2

STEP 7 Construct an explicit interpolatiog of the performance functiog

Uncertainty Quantification (UQ) and Reliability Algais

Once the asymmetric dimension-adaptive samplingqutore is completed, an
approximate functiorg of the original performance functiogy can be obtained by

interpolation using hierarchical basis functions caflocation points. Thus, any

probabilistic characteristics aj(x), including statistical moments, reliability, and
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PDF, can be easily estimated by performing MCS.dxample, any™ moment can

be calculated as
b, @ § (x) f(x)dx
( ns (3.54)

6 ()=lm— ()

ns®¥ NS i=1

=E

where | is ther™ momentof the performance functiog(x); f(x) is the joint PDFsx;
is thej™ realization ofx; andnsis the sampling size. For reliability estimatidet, us
define an approximate safe domain for the perfogadanctiong as

We ={x:§(x) <0} (3.55)
Therefore, the reliabilityR can also be estimated by performing MCS as

R@ 1, (x) f(x)ax
=E(lj (x)) = im — ns e (%) .

(3.57)

It should be noted that the MCS performed here eyspthe explicit interpolation
g instead of the original performance functigrand is thus inexpensive. We also
note that the way of approximating the responsetian over the entire (truncated)
input domain allows for the derivation of any prbligtic characteristics (e.g.,
statistical moments, reliability, and PDF) basedloan same set of collocation points
and can be used for design problems that requith bwment estimation and

reliability analysis such as reliability-based rebdesign optimization [43-45].
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Remarks
Several important remarks regarding the properifethe ADATP method are

listed as follows.

Remark 1 — Potential benefits: In the proposed method, the DI divides the
conventional multi-index space intd' N-hyperoctants, thus enabling asymmetric
refinements among these hyperoctants. Thereforea fperformance function with

unequal degrees of nonlinearity it I9-hyperoctants, the ADATP method is expected

to outperform the DATP method in terms of efficignc

Remark 2 — Determination of an interpolation domain It is noted that when the
random space is unbounded, e.g. in the case of Gaussian ranvdoiables, we need
to truncate it to a bounded onethat achieves a nearly full coverage of the oggin
random space . Without loss of generality, we consider the cat&l-dimensional
independent standard Gaussian random vegttre probability that a realization of
the original random space belongs to the truncated random space [-, " can
be expressed as

> 1 1
P(GIP)= 1. (x)f(x)x =lim= " 1_(x
( | ) G (X) (X) X nsligg ns 4 G (XJ) (3.58)

= F(/)-F{/)"
In the current study, we used= 3.5, which, for example, givé¥ | ) = 0.9954 for
N = 10. We note that the truncation has a negafieeteon the accuracy of reliability
analysis, especially for problems with small nunsbefr random variables (i.e., small
N in Eq. (3.58)) and low probabilities of failurencathat the truncated interpolation

domain for a specific problem should be carefullgtedmined based on the
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understanding of this problem. More conservativiéeca may guarantee higher
accuracy but creates a larger interpolation dortfazah requires more computational
effort. Since the goal in this work is to develap asymmetric interpolation scheme
for uncertainty qualification and reliability analg, this paper does not address the
issues regarding how a choice of the interpolatiomain affects numerical accuracy
and efficiency of reliability analysis and how tohgeve an optimum for a given

problem.

Remark 3 — Discretion on an error threshold:We also note that the relative error
threshold ¢ greatly affects the convergence rate and accuohdpe asymmetric
dimension-adaptive sampling. A largey leads to faster error decay but results in a
lower level of interpolation accuracy. A zero threkl, as an extreme case, results in
a conventional sparse grid construction. In theenirstudy, we used: = 0.10 for
most engineering cases. Under the hierarchicalpatation scheme,c allows a user

to put a preference between the convergence rdta@muracy.

3.2.3 Case Studies for ADATP

Three mathematical and engineering examples arengim this section to
demonstrate the effectiveness of the ADATP methibe. first mathematical example
was designed to compare the performances of the BDAnd DATP methods for
interpolation. The subsequent two mathematicaleargineering examples were used

for studying the performance of the proposed metbotdQ and reliability analysis.
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Mathematical Example |I: Response Surface with ISim®ularity

Consider a mathematical function

g(x)

_ 1
025 - %k 01

(3.59)

where the two random variables were assumed totdisteally independent and
uniformly distributed between 0 and 1. It is notkdt, for notational convenience, we
use the notation, instead of¢ to denote th&™ random variable fok = 1,...,N in
this section. This modified function from [29] shew line singularity in the third

quadrant of the square = [0, 1. We further defined the interpolation errpas

€ = max

=1, ns

a(x)- a(x, )‘ (3.60)
wherens denotes the number of Monte Carlo samples forpotation and was set to
1,000,000 in this example. A relative error thrddhg: = 0.10 was used in the
ADATP method. Figure 3-11 illustrates the erroraleand PDF approximations of
the DATP and ADATP methods, both of which, for camngon purpose, employed
the piecewise multi-linear basis functions e ashieearchical basis functions and the
Clenshaw-Curtis grid as the grid type. It shouldnbéed that, since the ADATP and
DATP methods employ different schemes for genegatiew collocation points, the
numbers of collocation points achieved by both méshcould be different. However,
a meaningful comparison can still be carried oubbgerving a general trend of error
decay. In Figure 3-11a, the ADATP method showsefastror decay and more
accurate PDF approximation, compared to that oDXA&P method. This is because
the ADATP method identified high nonlinearity inethhird quadrant and adaptively

added collocation points to the quadrant regior tbe shaded region in Figure 3-
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12a) while the DATP method treated all quadrantefasqual importance and thus
assigns points equally to all quadrants (see Figut2b). This example verifies that,
for a performance function with unequal degreesasflinearity in 2 N-hyperoctants,

the ADATP method is more efficient than the DATPthosl.

7 0.6 : , : :
—+ ADATP < MCS (1,000,000)
-&-DATP .| — ADATP (M = 68)
6 ] : —--~DATP (M=73)
>
0.4
St 3
s 203
LIJ =
§ :
502
o
3 0.1
20 40 60 80 100 120 %
Number of points
(@) (b)

Figure 3-11 Error decay (a) and PDF approximations (b) of tAd'P and
ADATP methods for example |
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Figure 3-12 Collocation points of the ADATP methot(= 68) (a) and the
DATP method i = 73) (b) for example |
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Mathematical Example II: Trivariate Interaction

Consider a mathematical function

g(x)=exp  (%-9- X%, %, (3.61)

k=1 k=3
where the five random variables were assumed tstdustically independent and
uniformly distributed between 0 ahd The proposed ADATP method witg = 0.10,
Mmax = 120 and cubic Lagrange splines as the hieraatltbasis functions was
employed to compute the meag and standard deviationy of g(x). These two
moments were calculated using the UDR and BDR ratems [9] based on a fully
tensorized Gauss-Legendre quadrature technique] [#28 the number of one-
dimensional quadrature pointsy = 5. Two cases were considered: i) Case 1:
increasing the trivariate order € 0, 1, 2, or 3L = 1.0); ii) Case 2: increasing the
uncertainty of input random variabldsificreases from 0.1 to 1.0= 2). The results
for Case 1 were summarized in Table 3-10. BothBBR and ADATP methods
provide good approximations of the meggy when compared with the results of
MCS for a trivariate order up to 3. However, the RIbnethod can not accurately
estimateyy for any trivariate order. Regarding the standadiation 4 the ADATP
method gives a consistently more accurate estimdtéde both the UDR and BDR
methods fail to give sufficiently accurate estinsat€he results ofy for Case 2 are
plotted in Figure 3-13. All three methods can gavgood approximation when the
uncertainty (controlled by) of input random variables is small. However, hs t
uncertainty increases, the ADATP method becomesrsupto the UDR and BDR

methods.
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Table 3-10 Moment estimations by the ADATP and dimension réidncmethods
(L=1.0)

Mean (1) Standard deviation §)
UDR® BDR® ADATP? MCS UDR BDR ADATP MCS
0 0.2946 0.3283 0.3246 0.3336 0.14862119 0.2738 0.2691
1 4.7588 5.4681 5.3999 5.5650 2.9811 4.4782 5.7853 5.5953
2 5.6486 6.3037 6.2180 6.4028 2.9942 4.4296 5.6848 5.5264
3 5.8516 6.4914 6.4154 6.5855 2.91313343 5.6112 5.4657

2 UDR and BDR required 21 and 181 function evaluei(FEs), respectively; ADATP required 121 FEs.
® MCS required 1,000,000 FEs at MC sample points.
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Figure 3-13 Estimates (a) and relative errors (b) of standandadions for
increasing values df

This comparison with the UDR and BDR methods sutggdsat the ADATP
method is better in terms of both accuracy andciefiicy when the trivariate
interaction is strong as in this problem. The ADAIfthod outperforms the UDR
and BDR methods because of the following two reas¢n the UDR and BDR
methods do not consider trivariate interaction; Without an adaptive sampling
scheme, the UDR and BDR methods may unnecessasigramany uni- or bivariate
sample points in regions with small nonlinearityeR if we could resolve the first

limitation by increasingS in the Svariate dimension reduction (DR) technique, the
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second limitation still remains unresolved. In facts often difficult or impractical to
predetermineS in the Svariate DR technique. In contrast, the ADATP meths
capable of automatically detecting tri- and higlariate interactions and generating
corresponding collocation points to reproduce theractions in the interpolation.
Therefore, the ADATP method is distinctively adweg#ous from theSvariate

dimension reduction (DR) technique.

Lower Control A-Arm: Nonlinear Fatigue Reliability

Vehicle suspension systems experience intense ngadonditions throughout
their service lives. Control arms act as the bankbof the suspension system,
through which the majority of these loads are tmaitted [118]. Therefore, it is
crucial that the fatigue life of control arms begthienough to fulfill the design
requirement. A HMMWYV lower control-arm was used fatigue reliability analysis
using the ADATP method.

The lower control-arm was modeled with plane strelssnents using 54,666
nodes, 53,589 elements, and 327,961 DOFs, whereeddls were modeled using
rigid beam elements. Hyper-Works 8.0 was used ifatef element modeling and
design parameterization. ANSYS 10.0 was used fesstanalyses for 14 load cases
at four joints for the A-arm: a ball joint, a spghdlamper joint and front and rear pivot
bushing joints, respectively. The stress contoarstwo loading cases are shown in
Figure 3-14. The fe-safe 5.0 was employed for diihabanalysis based on the
dynamic stress results from ANSYS. A preliminaryahility analysis was executed
in fe-safe to estimate the fatigue life of the HMNMWA-Arm and to predict the

critical regions that experience a low fatigue .lifeor this preliminary durability
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analysis, the fatigue life for crack initiation wealculated using the equivalent von
Mises stress-life approach at all surface nodek@imechanical component (i.e., A-
arm) in order to predict the critical regions. Maecurate durability analysis was
then carried using the strain-life method at theded critical regions of the A-arm

that experience short life spans.

(b)

Figure 3-14 Stress contours for load case 2 (a) and load cése 8

The random variables are the thicknesses of thet eigjor components of the
control arm, as shown in Figure 3-15. The stattinformation of these random
variables is summarized in Table 3-11. From a woase scenario analysis, one
hotspot with the smallest fatigue life was founditeg rear pivot bushing joint and
was selected for fatigue reliability analysis. istcase study, the fatigue reliability is

defined aRR = Prl > L"), whereL' denotes the target fatigue life.

Figure 3-15 Seven thickness variableg fiot shown)
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Table 3-11  Input random variables for the lower control A-aexample

Component Distri. type Mean (in) Std. dev. (in)
X1 Normal 0.157 0.006
X2 Normal 0.183 0.006
X3 Normal 0.178 0.009
X4 Normal 0.200 0.007
X5 Normal 0.312 0.013
X5 Normal 0.250 0.009
X7 Normal 0.200 0.007
X8 Normal 0.201 0.009

The ADATP method withc = 0.10,Mmnax = 80 and cubic Lagrange splines was
used to evaluate the fatigue reliability at theesedd hotspot. The ADATP method
allows for a stochastic response surface approimatrom a small number of
deterministic finite element and fatigue analystspugh constructing an explicit
hierarchical interpolation formula with respectth@ random inputs. Conducting the
MCS on the explicit interpolation formula gives thil probability information (i.e.,
moments, reliability and PDF) of the fatigue life.direct MCS with 1,000 samples
was carried out as a reference. Figure 3-16 shaesPDF approximations by the
ADATP method and MCS, where we can observe a ggoeeanent between the two
methods. Table 3-12 summarizes the uncertaintyysisatesults, where the ADATP
method outperforms MCS in terms of efficiency wh#g#ll maintaining good
accuracy for moderate (between 0.70 and 0.80), (bghween 0.90 and 0.95) and
very high reliability levels (above 0.99). The 95%nfidence intervals of the MCS
reliability estimates include the corresponding ADA estimates for all three

reliability levels.
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Figure 3-16 PDF approximations for the
lower control A-arm example

Table 3-12  Uncertainty analysis results for the lower conkehrm example

ADATP MCS

Mean (blocks) 2.9014E+6 2.8866E+6
Std. dev. (blocks) 1.1501E+6 1.1612E+6
Skewness 8.9795E-1 1.2608E+0
Kurtosis 4.0504E+0 5.8083E+0
R=Pr( > 2.0x106) 0.768 0.774 (+0.02p
R=Prl > 1.5x10) 0.920 0.930 (x0.0Tp
R=PrL > 1.0x106) 0.992 0.993 (+0.00%
No. FE 83 1,000

& Error bounds computed with a 95% confidence level

3.2.4 Summary

In the second part of this chapter, the asymmaeticension-adaptive tensor-
product (ADATP) method is proposed for efficienliability analysis involving high

nonlinearity. The ADATP method possesses threenieah contributions: (i) an
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asymmetric dimension-adaptive sampling scheme deriag both directional and
dimensional importance, (ii) the concepts of theectional sparse grid (DSG) and
directional index (DI) for the systematic generataf asymmetric collocation points,
(i) a hierarchical interpolation scheme using icubagrange splines for eliminating
the numerical inaccuracy of the high-order Lagraingerpolation.

It was found that the asymmetric dimension-adapsampling scheme and the
hierarchical interpolation method showed betteruemcy and efficiency than the
DATP method in the case of unequal degrees of neatity in 2' N-hyperoctants.
The better performance can be attributed to the faat the ADATP method
identifies the highly nonlinear hyperoctants andigiss more collocation points to
these regions, while the DATP treats all the hypenats as of equal importance and
thus assigns points equally.

A limited comparative study between the ADATP metlamd the widely used
reliability analysis methods, including FORM and ment-based reliability (mostly
DR) methods, was also conducted in this work. itral results suggest that the
ADATP method achieves higher accuracy and compareafficiency for problems
with moderate dimensions. The higher accuracy @amtlributed to the automatic
detection and adaptive reproduction of significaatiate interactions in structural
system responses, including tri- and higher-variateractions. We also expect that
the ADATP method perform well for high dimensiorehgineering problems as
exemplified in the lower control A-arm example dissed in this work. Relative to
the DR and PCE methods, the ADATP method has theraage of the complexity

reduction in the algorithm controls, since the dbiinterpolation accuracy and
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resource constraints allow a user to easily de@ineclative error threshold and
maximum number of collocation points. In contraisis often difficult or impractical

to predetermineS in the Svariate DR technique, or the expansion order dred t
number of one-dimensional quadrature points inREE method. Furthermore, the

proposed ADATP method can approximate a multi-m&i2iF.
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Chapter 4: System Reliability Analysis

Engineered systems generally consist of numerouardamechanisms, and
system reliability provides a statistical descoptof system success in the context of
multiple failure mechanisms. As explained in therhture review, existing methods
can only provide system reliability bounds and reggithe probabilities of joint
safety events that are often difficult to evaluaBespite the technical advance by the
CIM for series systems, one big challenge still ase as how to generalize this
method so that it can be used for system religbdmalysis and thus predictive
resilience analysis regardless of system structsesies, parallel, and mixed
system). To address this challenge, this reseproposes the generalized CIM
(GCIM) method which will be detailed in this chapt€&irst, a closed-form system
reliability formula for a parallel system is derd/¢hrough its transformation into a
series system using the De Morgan’s law. Secondpnified system reliability
analysis framework is proposed for mixed systemsdefining a new System
Structure matrix (SS-matrix) and employing the Byn®ecision Diagram (BDD)
technique. The SS-matrix is used to present antgmystructure in a comprehensive
matrix form. Then the BDD technique together witte tSS-matrix automates the
process to identify system’s mutually exclusivehpsets, of which each path set is a
series system. As a result, system reliability wéthy system structure can be
decomposed into the probabilities of the mutuallyclesive path sets. The
development of the GCIM enables system reliabditalysis for series, parallel, and

mixed systems in system resilience analysis anigjiles
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4.1 System Reliability Analysis for Series Systems

Although the second-order system reliability bounm&thod or the linear
programming (LP) bounds method can generally gamdyf narrow system reliability
bounds, they cannot provide a unique system rétiak@stimate. In contrast, the
original CIM provides an explicit formula for sesisystem reliability assessment.

Considering a structural serial system withcomponents, the probability of

system failure can be expressed as

E

P<=P EE (4.1)

wherepss represents the probability of system failure apdenotes the failure event
of thei™ component. The simplest system reliability bouads the so-called first-
order bounds. Based on the well known Boolean bsumdEq. (4.2), the first-order

bounds of probability of system failure are givargq. (4.3).

max(P(E))£ P EE £ m AE) 4.2)
max P(E) £ p, £ min ‘m A(E) 1 (4.3)

The lower bound in Eg. (4.3) is obtained by assgntime component events are
perfectly independent and the upper bound is dérlwe assuming the component
events are mutually exclusive. Despite the simili¢only component reliability

analysis required), the first-order bounds methodvides very wide bounds of
system reliability that are not practically useflllhus, the second-order bounds
method was proposed by Ditlevsen [41] in Eq. (#04dive much narrower bounds of

probability of system failure.
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(4.4)
Emin  P(E)- maxP(EE) .1

i=1 j=2 19

m m

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

must be satisfied as

max(P(E ))& /:1 P(E) & :1 () (4.5)

Based on Egs. (4.4) and (4.5), the probabilitgystem failures) of a series system

failure can be simplified to a unique explicit farta as

roee(s) (o8 | ATE) o

It can be proved that this approximate probabllégg in the second-order bounds in
Eq. (4.4). Based on Eq. (4.6), serial system riiiglcan be assessed as {1lthe

probability of system failure) and formulated as

R,.=PEE E.E) @K § < WJ (’_Egz> )

A ifA>0

where (A © _
0, IfAEOQO

Note that the terms inside the bracket, should be ignored if it is less than zero and
Rsysshould be set to zero if the approximated onergbwe Eq. (4.7) is less than zero.
It is noted that Eq. (4.7) provides an explicit amdque formula for system reliability

assessment based on the second-order reliabilipdsoshown in Eq. (4.4) and an

inequality Eq. (4.5).
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4.2 System Reliability Analysis for Parallel Sysgem

A parallel system reliability formula can be obtinbased on the formula of
series system reliability by using the De Morgaiesv. According to the De

Morgan’s law, the probability of parallel systenildee can be expressed as

3

PCE =1-PCE=% PE E (4.8)

where is thei™ component failure event. It is noted that the abegeation relates
the probability of parallel system failure with theobability of series system safety
(reliability). If we treatE; as thei™ component failure event in a series system, the
right side of Eg. (4.8) is then the series systehability. Based on this relationship,
the probability of parallel system failure can Heamned from Eq. (4.7) by treating

the safe events in the series system as the falwgets in the parallel system as

m

_ i-1 2 A, fA 0
P, GP(E) -__2<P(E) \/ il > (% o taco @9

Finally, parallel system reliability can be obtaintom Eq. (4.9) by one minus the

probability of system failure as

m E 2 A ifA>0
R,s @X(E) +_:2<F(E) \/1 H EE) > ( Ao 0 iIfA£>o (4.10)

4.3 Mixed System Reliability Analysis

A mixed system may have various system structurlere is no unique system
reliability formula available for a mixed systemhi$ study develops a generic
procedure for mixed system reliability analysishwdn aim to produce a unique

system reliability formula. The developed procedigeantroduced below with an
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arbitrary mixed system structure. Considering aedisystem witHN components,

the following procedure can be proceeded to cautysgstem reliability analysis.

Step |: Constructing a System Structure Matrix

An SS-matrix, a 3-by, is proposed in this study to characterize anyesys
structural configuration (components and their @mtions) in a matrix form. The SS-
matrix contains the information about the congtigit components and their
connection. The first row of the matrix containsmgmnent numbers, while the
second and third rows correspond to the startirdyeard nodes of the components.
Generally, the total number of columns of a SS-iwatvl, is equal to the total
number of system components, In the case of complicated system structures, one
component may repeatedly appear in between diffessis of nodes and,
consequentlyM could be larger thaN, for example a 2-out-of-3 system.

Let us consider an example of a mixed system congi®f 4 components, as
shown in Figure 4-1. The SS-matrix for the systesn be constructed as a 3x4
matrix, as shown in Figure 4-1. The first columrtlué system structure matrix, [1, 1,

2]", indicates that the®lcomponent connects nodes 1 and 2.

& ] @

—> SS-matrix =

N P
A NN
w N W
A W B~

Figure 4-1 Example to show the conversion of a system bloagrdim to SS-matrix

Step |l: Finding Mutually Exclusive System PathSet

98



Based on the SS-matrix, the Binary Decision Diagr@&DD) technique
[121,122] can be employed to find the mutually escte system path sets, of which
each path set is a series system. In probabiliéprih two events are said to be
mutually exclusive if they cannot occur at the samee or, in other words, the
occurrence of any one of them automatically impliesnon-occurrence of the other.
Here, system path sets are said to be mutuallyusxd if any two of them are
mutually exclusive. We note that, without the SS#irait is not easy for the BDD
technique to automate the process to identify thiually exclusive path sets. The
mixed system shown in Figure 4-1 can be decompasexd the two mutually
exclusive path sets using the BDD, which is showfigure 4-2. Although the path

sets E E,E,E, and E;EsE, represent the same path that go through from efte |

terminal 1 to the right terminal O in Figure 4-hetformer belongs to the mutually
exclusive path sets in Figure 4-2 while the lattees not. This is due to the fact that
the path set&;EsE, andE;E, are not mutually exclusive. We also note howehat t
we could still construct another group of mutuadyclusively path sets,§EsE,,

E,E,E.}, which contains the path sE{EsE, as a member. This is due to the fact that

a mixed system may have multiple BDDs with différeonfigurations depending the
ordering of nodes in BDDs and these BDDs resultsaweral groups of mutually
exclusive path sets, among which the one with thallest number of path sets is
desirable. Another point deserving of notice id the mixed system considered here
consists of only two mutually exclusive path sétscases of more than two mutually
exclusive path sets, any two path sets are mutealtjusive. This suggests that the

system path sets can equivalently be said to bevisai mutually exclusive.
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EE, @ «— Root vertex
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Pathset ElEz '

EEE,

<«— Terminal vertex

Figure 4-2 BDD diagram and the mutually exclusive path sets

Step Ill: Evaluating All Mutually Exclusive Path Seand System Reliability

Due to the property of the mutual exclusiveness niiixed system reliabilityRsys

is the sum of the probabilities of all paths as

N, N,
R, =P E1 Path =  P( Path (4.11)

= i=1
where Pathis thei™ mutually exclusive path set obtained by the BDO Blp is the

total number of mutually exclusive path sets. farsystem in Figure 4-1, the system

reliability can be calculated as

R,.= P EPath = ~ P( Path) 4.12)
=P(EE)+P(EEEE)

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

system reliability formula given by Eq. (4.7).

4.4 Case Studies for GCIM

This section presents two case studies for a ghtstem and a mixed system,

respectively, to demonstrate the effectivenesshef groposed GCIM for system
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reliability. For each case study, the generalizédd €amework is demonstrated in a
wide range of system reliability levels and compavath MCS. For the parallel
system, the results of the generalized CIM are atsmpared with the first-order
bounds (FOB) and second-order bounds (SOB) methidds.main objective of the
case studies is to demonstrate the theoreticalracgwf the proposed GCIM for
system reliability analysis. So in the case stusesfocus on a mathematical error
produced by a system reliability formulae ratheantha numerical error by a
numerical method. In order to eliminate the nunarierror in system reliability
analysis, MCS with a large sample size was usedvt@uate the probabilities of

component and second-order joint safety eventh@srsin each case study.

4.4.1 Parallel System Example: A Ten Brittle Bast8yn

The following ten-bar system example is used to aestrate the effectiveness of
the GCIM framework for parallel systems. As showrrigure 4-3, ten brittle bars are
connected in parallel to sustain a load appliegnatend. This case study is modified
from the example employed in Ref. [123]. Ten bams all brittle with different
fracture strain limitsg, 1 1 10, which are sorted in an ascending order. If the
exerted strain is between thei1)" andi" fracture strain limits, i.e.,qiy < 1, ,
bar components with fracture strains belgwvill fail, and the allowable load is then
the sum of the strength of components with fracttrains equal to or above.
Therefore, the strain level corresponding to theral maximum allowable load is
among the ten fracture strain limits. As the oudenmadximum allowable load, the

system strengtRr can be formulated in Eq. (4.13).
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10 10
R=max R() =max R )
= a (4.13)
10
=max R (&,),
j=1

fa@ﬂ,, Ro (§10)

i

1 2 LR N ) 10

() (b)

Figure 4-3 Ten brittle bar parallel system: (a) system strectaodel; (b) brittle
material behavior in a parallel system

For example, if the exerted strais equal to the fracture straip, the £ brittle bar
fails due to the fracture and no longer contribtitethe overall system strength. Thus,
the system strengtRr at this fracture strain is the sum of strengthhef other nine
brittle bars. The brittle bar system fails to surstthe loadF only if the system
strength at any of the ten fracture strains is Em#han the loadr. This is a parallel
system with ten components, corresponding to the fracture strains. The

component safety events can be expressed in tdreeveral random variables.
10 10

G=F- R(g)=F (EAxe, I if 1 (4.14)

[ ]
j= IE
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whereR; represents the allowable load that can be sustdigetiej™ brittle bar,A
the cross section area of fffebrittle bar, andg the Young’s modulus of th& brittle

bar. Random variables and their random propertees@mmarized in Table 4-1.

Table 4-1 Statistical information of input random variables the ten bar system

Random variable Mean Standard deviation  Distributigpe

Es-Ei0 (GPa) 200.0 10.0 Gumbel
Aq (mnY) 100.0 5.0 Lognormal
A (mn) 120.0 5.0 Lognormal
Ag (mn) 140.0 5.0 Lognormal
A, (mn) 140.0 10.0 Lognormal
As (mn) 140.0 10.0 Lognormal
Ags (mn) 150.0 10.0 Lognormal
Az (mn) 150.0 15.0 Lognormal
Ag (mn) 150.0 15.0 Lognormal
Ag (mnY) 200.0 15.0 Lognormal
Ao (mn) 300.0 25.0 Lognormal

f1 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

6 0.0030 0.0007 Uniform

7 0.0033 0.0008 Uniform

8 0.0036 0.0009 Uniform

fg 0.0040 0.0010 Uniform

f10 0.0050 0.0011 Uniform

F (kN) 30.0 Normal

Ten different system reliability levels are used domparison with ten different

loading conditionsK). These loading points are used to validate théMa@ethod at
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different reliability levels. Table 4-2 summarizé®e results of system reliability
analyses which are illustrated in Figure 4-4. h b& seen that the first-order bounds
are too wide to be of practical use. Whereas, gowergd-order bounds method gives
tighter system reliability bounds compared with fhst-order bounds method. It is
expected based on the results that the GCIM metiaodproduce accurate system
reliability estimates at a wide variety of reliatyillevels and that this high accuracy
can be maintained at high reliability levels, whiene often encountered in
engineering practices. Similar to the first casglgt only the first- and second-order
Cl events were considered and the error for theMc@imes from the effects of the
third- or higher-order CI events. However, for agbal system these effects tend to
decrease as the system reliability decreases.thieusrror at a low system reliability
level is smaller than that at a higher system béltg level, as observed from Figure

4-4.

06

05r

—F—FOB Upper
—&—FOB Lower
—<—S0B Upper
——S0B Lower
—B=—GCIM
—H— NS
04 05 06 o 0g 0g 1
System Reliability Level

Approximate System Reliability

Figure 4-4 Results of system reliability analysis at ten
different reliability levels
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Table 4-2 Results of system reliability analysis with MCS,B-Gsing MCS, SOB using MCS, and GCIM using M@S=
1,000,000)

System Reliability Level at Each Design
2 3 4 5 6 7 8 9 10

Analysis Method

Upper 0.4133 0.5639 0.7331 0.9216 1.0000 1.0000 00D.0 1.0000 1.0000  1.0000

o8 Lower 0.1594 0.2054 0.2507 0.2974 0.3444 0.4395 8dh4 0.5334 0.5803 0.9705
Upper 0.3537 0.4670 0.5854 0.7065 0.8293 1.0000 000D.0 1.0000 1.0000 1.0000

S08 Lower 0.3192 0.4062 0.4849 0.5507 0.6068 0.6917 1617 0.7459 0.7897  0.9943
GCIM 0.3417 0.4456 0.5490 0.6482 0.7388 0.8714 1¥90 0.9069 0.9051 0.9943
MCS 0.3301 0.4272 05226 0.6131 0.6961 0.8314 @3.8810.9192 0.9476  0.9998
GCIM Error 0.0116 0.0184 0.0264 0.0351 0.0427 (000400.0204 0.0123 0.0425 0.0055
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4.4.2 Mixed System Example: A Power TransformentSiystem

Power transformers are among the most expensivaeeaks of high-voltage
power systems [124]. The power transformer vibratimluced by the magnetic field
loading will cause the windings support joint loosey or the fatigue failures, which
will gradually increase the vibration amplitudetbé winding and eventually damage
the core [125]. In this case study the proposed\MGRds been applied for the system
reliability analysis of the power transformer wingisupport joints. We considered
four failure modes, which are the fatigue failua¢she four winding support joints. A
power transformer simulation model was built usthg finite element analysis tool
ANSYS 10 (see Figure 4-5). Figure 4-6 shows thaibef the winding bolt joint,
which assembles the windings of the power transéowith the bottom fixture. The
transformer is fixed at the bottom and the vibmatioad is applied to the magnetic
core with the frequency of 120 Hz. This case steahployed ten random variables,

as listed in Table 4-3, which include the geomdtrlerances and material properties.

AN

JRN 21 2010
02:13:59

ELEMENTS

TYPE NUM

v
ll.lllll.llll'.ll’ll.l.....l

Figure 4-5 A power transformer FE model (without the
covering wall)
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\ Bolt

Joints

(@)

(b)
Figure 4-6 Winding support bolt joint: (a) side view, (b) batt view

Table 4-3 Random property of input variables for the powansformer example

Random : . Standard Distribution
, Physical meaning Mean o
variable deviation type
X1 Wall Thickness 3 0.06 Normal
X2 Angular width of support joints 15 0.3 Normal
X3 Height of support joints 6 0.12 Normal
X Ypung s modulus of support 2612 410 Normal
joint
X Ypung s modulus of loosening 2610 4e8 Normal
joints
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
Xg Density of joints 7.85 0.157 Normal
Xic Density of windings 8.96 0.179 Normal

This winding support system with the four joints svaeated as a 3-out-of-4

system as shown in Figure 4-7, which means thasyetem becomes safe only if at

least three out of the four support joints survivEhe Cl-matrix for this case study

was evaluated using the MCS (with 1000 samplesshawn in Figure 4-8. Figure 4-

9 shows the system reliability block diagram anbdl&a-4 displays the SS-matrix for
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this transformer joint system. The mutually exolaspath sets can be determined

using the BBD (see Figure 4-10) as

Pathset{EEE EEEE EEEE EEE

These path sets are mutually exclusive with theseystem structure. As shown
in Table 4-5, the reliabilities for these mutuadlyclusive path sets can be obtained
and the system reliability for this transformemjosystem can be estimated using Eq.
(4.11). Based on the results, the GCIM is expedtediccurately assess system
reliabilities of large-scale engineered systemsis Téase study demonstrates the

feasibility and capability of the GCIM for systemliability analysis with any system

structure.
E ? 0.999 0.000 0.238 0.24.
1
) 0.000 0.999 0.238 0.24.
Cl-matrix =
E E 0.000 0.000 0.761 0.00¢
’ - 0.000 0.000 0.000 0.75°

v e

Figure 4-7 3 out of 4 system with Figure 4-8 Cl-matrix for the power
support joints transformer example

E, L E, @ E;

I L E; ®— L,

E2 . E3 ._ E4

Figure 4-9 System reliability block diagram for the
power transformer example
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Table 4-4 System Structure matrix for the power transformeeecstudy

Component No. 1 1 1 2 2 2 3 3 3 4 4
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 4-10 BDD diagram for the power transformer
example

Table 4-5 Results of GCIM for power transformer case studygaring with
MCS (ns=10,000)

Reliability of Path Set (Series System)

Analysis System
Method EEFE, EE,EFE, EEEE, EEEFE, Reliability
GCIM 0.761 0.000 0.000 0.002 0.763

MCS 0.7611 0.0018 0.0000 0.0000 0.7629
4.5 Summary

This chapter presents the generalized complememti@ngection method (GCIM)
for system reliability analysis. The GCIM generalithe original CIM so that it can

be used for system reliability analysis regardtefssystem structures (series, parallel,
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and mixed system). This generalization leverages tseas: (i) transforming a
parallel system to the equivalent series systemgus$ie De Morgan’s law to derive a
closed-form system reliability formula; (ii) defimg a new System Structure matrix
(SS-matrix) and employing the Binary Decision Dagr (BDD) technique to
develop a unified system reliability analysis framoek for mixed systems. The two
case studies (with one for parallel system, andther for mixed system) were used
to demonstrate that the proposed GCIM can assesmnsyeliability regardless of the
system structures. As observed through the cadeestiuhe GCIM offers the generic
system reliability analysis framework and thus sh@angreat potential to enhance our
capability and understanding of system reliabilggalysis for system resilience

analysis and design.
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Chapter 5: System Prognostics and Health ManagefiRéti)

As mentioned in the literature review, tremendoesearch efforts have been
devoted to the physics-based reliability analysidaes uncertainties during the design
stage of engineered systems. Recently, researcbabitime diagnosis and prognosis
which interprets data acquired by distributed semgtworks, and utilizes these data
streams in making critical decisions provides digant advancements across a wide
range of applications. Maintenance and life-cyclanagement is one of the
beneficiary application areas because of the pmewasature of design and
maintenance activities throughout the manufacturiagd service sectors.
Maintenance and life-cycle management activitiesstitute a large portion of overall
costs in many industries [48]. These costs ardylike increase due to the rising
competition in today’s global economy. For instgnoge the manufacturing and
service sectors, unexpected breakdowns can bebgrebly expensive since they
immediately result in lost production, failed shipp schedules, no operational
service, repair cost, and poor customer satisfactio order to reduce and possibly
eliminate such problems, it is necessary to acelyraissess current system health
condition and precisely predict the remaining ukdfife (RUL) of operating
components, subsystems, and systems. In genesgst@m’ health condition can be
predicted in (a) a single time-scale, or (b) midtipme-scales. In the former case, all
the system health-relevant responses (e.g., healtidition, measurable physical
guantities) of interest tend to vary in the sammetiscale. In the latter case, the

system exhibits a time-scale separation. In otlerdg; certain system health-relevant
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information (e.g., health condition) of interestdes to vary very slowly as opposed to
other system health-relevant information (e.g., suneable physical quantities). This
section presents an ensemble data-driven progreygbimach and a co-training data-
driven prognostic approach to resolve the existhgllenges in PHM for systems
with a single time-scale, and introduces a multessdaamework with extended

Kalman filter (EKF) for systems with multiple timszales.

5.1 Ensemble of Data-Driven Prognostic Algorithms

Traditionally, a data-driven prognostic approactoisonstruct multiple candidate
algorithms using a training data set, evaluater trespective performance using a
testing data set, and select the one with thepgm$&trmance while discarding all the
others. This approach has three shortcomingshé)selected standalone algorithm
may not be robust, i.e., it may be less accuratermthe real data acquired after the
deployment differs from the testing data; (ii) iastes the resources for constructing
the algorithms that are discarded in the deploym@ntit requires the testing data in
addition to the training data, which increasesdfierall expenses for the algorithm
selection. To overcome these drawbacks, this relsganmoposes an ensemble data-
driven prognostic approach which combines multipilember algorithms with a
weighted-sum formulation. Three weighting schemeanely the accuracy-based
weighting, diversity-based weighting and optimiaatbased weighting, are proposed
to determine the weights of member algorithms. Kfeld cross validation (CV) is
employed to estimate the prediction error requiogdthe weighting schemes. The
results obtained from three case studies suggasthitt ensemble approach with any

weighting scheme gives more accurate RUL predisticompared to any sole
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algorithm when member algorithms producing divelRE&L predictions have

comparable prediction accuracy and that the op#tion-based weighting scheme
gives the best overall performance among the thweghting schemes. This
approach provides PHM efficiency measure as ettieiCV error or validation error
for predictive resilience analysis and enables Igigbhnfident health prognostics for

resilient engineered systems with a single timdesca

5.1.1 Weighted-Sum Formulation

A simple average of RUL predictions obtained usthg member algorithms
means assigning equal weights to the member dhgasitised for prognostics. This is
acceptable only when the member algorithms protfidesame level of accuracy for a
given problem. However, it is more likely that dgaithm tends to be more accurate
than others. It is ideal to assign a greater weigtd member algorithm with higher
prediction accuracy in order to enhance its prestichccuracy and robustness. Hence,
member algorithms with different prediction perf@amee should be multiplied by
different weight factors.

Let Y = {y1, Y¥2..., YN} be a data set consisting of multi-dimensional seep
signals (e.g., acceleration, strain, pressure) fhoufifferent run-to-failure units. An
ensemble of prognostic member algorithms for RUgdjotion can be expressed in a

weighted-sum formulation as

L= wL(y.Y) (5.1)

i=1
where L denotes the ensemble predicted RUL for the testatg sety;; M denotes

the number of algorithm members in the ensemiglelenotes the weight assigned to
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thej™ prognostic algorithm{, (y;, Y) denotes the predicted RUL by tffeprognostic

member algorithm trained with the data ¥et_et the weight vectow = [wa,..., Wy] "

N

and the vector of predicted RULs by member algmistH: :[El,..., L, ], the

weighted-sum formulation in Eq. (5.1) can be expedsin a vector form as

|:(W,|:):WT|:.

5.1.2K-Fold Cross Validation

The k-fold cross validation is used in the offline presdo evaluate the accuracy
of a given ensemble. It randomly divides the omlyjidata sety into k mutually
exclusive subsets (or fold¥), Yo,..., Yk having an approximately equal size [109].
Of thek subsets, one is used as the test set and thekethsubsets are put together
as a training set. The CV process is perforigohes, with each of thiesubsets used
exactly once as the test set. LeE={i: yil Y}, m=1, 2,... kdenote the index set of
the run-to-failure units whose sensory signals tansthe subseY,,. Then the CV

error is computed as the average error ovek talals and can be expressed as

N A

o, =L S( Lw.L (.Y v,.)), Q) (5.2)

where §-) is a predefined evaluation metric that measuhes dccuracy of the
ensemble-predicted RUIN denotes the number of run-to-failure units for QV:
denotes the true RUL of th& unit. The above formula indicates that all unitgtie
data set are used for both training and testing,each unit is used for testing exactly
once and for training—1 times. Thus, the variance of the resulting estigns likely

to be reduced compared to the traditional holdqupr@ach, resulting in superior
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performance when employing a small data set. Itmportant to note that the
disadvantage of thie-fold CV against the holdout method is greater cotatonal
expense because the training process has to betedk&dimes. As a commonly used

setting for CV, a 10-fold CV is employed in thisidy.

5.1.3 Weighting Schemes

This section will introduce three schemes to deieenthe weights of member
algorithms: the accuracy-based weighting, divessdged weighting and

optimization-based weighting.

Accuracy-Based Weighting

The prediction accuracy of t§8 member algorithm is quantified by its CV error,
expressed as

1 k

N m=1il I,

(L (y,.Y\Y,). ) (5.3)

J—
Ev =

The weightw; of thej™ member algorithm can then be defined as the nazatain of

the corresponding inverse CV error, expressed as

] M i -1
izl(eCV)

This definition indicates that a larger weight ssigned to a member algorithm with
higher prediction accuracy. Thus, a member algaritfith better prediction accuracy
has a larger influence on the ensemble predicfidns weighting scheme relies
exclusively on the prediction accuracy to determie weights of member

algorithms.

115



Diversity-Based Weighting

The weight formulation in Eq. (5.4) relies excludi on the prediction accuracy
to determine the weights. However, the predictiocugacy of member algorithms is
not the only factor that affects the ensemble perémce. The prediction diversity,
which measures the extent to which the predictibpsa member algorithm are
distinguishable from those by the others, alsoehagnificant effect on the ensemble
performance, especially on the robustness. Moreifsgaly, a larger weight should
generally be assigned to a member algorithm wigihé prediction diversity because
of its larger potential to enhance the ensemblestiess.

We begin by formulating aiN-dimensional error vector consisting of absolute

RUL prediction errors by th&' member algorithm as

e = [ (v Y\Y))- Lo ) (v Y Wy ) LT (5.5)

J
Repeatedly computing the error vectors forMlimember algorithms giveld error
vectorsey, e,..., e. The prediction diversity of th&" member algorithm can then be
computed as the sum of Euclidean distances betieeerror vectol and all the

other error vectors, given by

D= |e-¢l (5.6)

i=1i1
The prediction diversity measures the extent toctvtihe predictions by a member
algorithm are distinguishable from those by anyeothBased on the defined
prediction diversity, the normalized weighit of thej™ member algorithm can then be

calculated as

116



w, = J (5.7)

This definition suggests that a member algorithrinwigher prediction diversity will
be given a larger weight and thus contributes ntorthe ensemble predicted RUL.
For example, if, among all the member algorithmee algorithm consistently gives
early RUL predictions while any of the others IREL predictions, the former will
likely be given a larger weight than the latter.idt also noted that the weight
formulation in Eq. (5.7) considers the predictionedsity as the only criterion for the

weight determination.

Optimization-Based Weighting

Neither the accuracy-based nor diversity-based hiigig scheme takes into
account both the prediction accuracy and diveisitye weight calculation. Thus, the
two schemes cannot produce an ensemble algorithechieve both high prediction
accuracy and robustness. In what follows, an optition-based weighting scheme is
proposed to maximize the accuracy and robustness$ataf-driven prognostics by
adaptively synthesizing the prediction accuracy atdersity of each member
algorithm.

In the optimization-based weighting scheme, thegisi in Eq. (5.1) can be

obtained by solving an optimization problem of tbikowing form

A

Minimize Ey = & L(w,L y.)),L,i=1..N
CVM V( ( ( )) ) (5.8)
Subject to W =1

After the prediction of RULs using tiid member algorithms through the 10-fold CV,

the above optimization problem can be readily sblweith almost negligible
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computational effort since the weight optimizatiprocess does not require the
execution of member algorithms. Thus, the overathputational cost mainly comes
from the training and testing in the CV process. ¥ipect that, by solving the
optimization problem in Eq. (5.8), the resultingsemble of algorithms will

outperform any of the ensemble’s individual memhakyorithms in terms of both

accuracy and robustness. The capability of thisgitelg scheme to adaptively
synthesize the prediction accuracy and diversitgath member algorithm will be

demonstrated in the case study section.

5.1.4 Overall Procedure

Figure 5-1 shows the overall procedure of the psepgoensemble approach with
thek-fold CV and three weighting schemes. This dataegriprognostic approach is
composed of the offline and online processes. m dffline process, the offline
training/testing process with thefold CV is employed to compute the CV error of an
ensemble formulation; the weights of member alparg are determined using the
accuracy-based weighting, diversity-based weightiagd optimization-based
weighting. The online prediction process combines RUL predictions from all
member algorithms to form an ensemble RUL predictising the weights obtained
from the offline process. This process enablescth@inuous update of the health
information and prognostic results in real-timehwmitew sensory signals. Table 5-1
details the proposed ensemble prognostics appnahbhthe five steps. STEPS 2-4
can be repeated to incorporate new training sersignals from the online process

and to update the RUL predictions.
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Figure 5-1 A flowchart of the ensemble approach

Table 5-1 Detailed procedure of the ensemble approach

Determine sensor configurations and acquire trgisansory signals

STEP 1 from offline system units;

STEP 2a Perform the offline training & testing processeshwhek-fold CV
with the training sensory signals to compute theetidr;

STEP 2b Determine the weights using the accuracy-basedhtieg diversity-
based weighting and optimization-based weightirgestes;

STEP 3 Acquire testing sensory signals from ondiysgtem units;

Predict RULs using the member algorithms throughahline
STEP 4a prediction process which employs the backgroundtih&aowledge
obtained from the offline training process;

Predict the ensemble RULs with the optimum weiglitsined from

STEP 4D o1ep op,

5.1.5 Case Studies for Ensemble Prognostics

In this section, the proposed ensemble of dateedriprognostic algorithms is
demonstrated with three PHM case studies: (i) 2&8BE PHM challenge problem,
(i) power transformer problem, and (iii) electgooling fan problem. In each case

study, the ensemble approach combines RUL preditioom five popular data-
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driven prognostic algorithms, namely, a similatigsed interpolation (SBI) approach
with RVM as the regression technique (RVM-SBI) [B%], SBI with SVM (SVM-
SBI) [53,127], SBI with the least-square expondnfiting (Exp-SBI) [53], a
Bayesian linear regression with the least-squasa@ic fitting (Quad-BLR) [55],

and a recurrent neural network (RNN) approach (R[¥8)127].

2008 IEEE PHM challenge problem

In an aerospace system (e.g., an airplane, a sbadte), system safety plays an
important role since failures can lead to dramabasequences. In order to meet
stringent safety requirements as well as minimiee maintenance cost, condition-
based maintenance must be conducted throughosystem’s lifetime, which can be
enabled by system health prognostics. This casky stins at predicting the RULs of
aircraft engine systems in an accurate and robushner with massive and

heterogeneous sensory data.

Description of Data Set

The data set provided by the 2008 IEEE PHM Cha#flepmpblem consists of
multivariate time series signals that are colledtech an engine dynamic simulation
process. Each time series signal comes from areiffedegradation instance of the
dynamic simulation of the same engine system [1PB¢ data for each cycle of each
unit include the unit ID, cycle index, 3 values for operational setting and 21 values
for 21 sensor measurements. The sensor data wetentoated with measurement
noise and different engine units start with différenitial health conditions and
manufacturing variations which are unknown. Thrgeerational settings have a

substantial effect on engine degradation behawandsresult in six different operation
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regimes as shown in Table 5-2. The 21 sensory Isignare obtained from six

different operation regimes. The whole data set avaisled into training and testing

subsets, each of which consists of 218 engine .ulmitghe training data set, the
damage growth in a unit was allowed until the ommuce of a system failure when
one or more limits for safe operation have beeghed. In the testing data set, the
time series signals were pruned some time pritinécoccurrence of a system failure.
The objective of the problem is to predict the nemf remaining operational cycles

before failure in the testing data set.

Table 5-2  Six different operation regimes

Regime Operating Operating Operating
ID parameter lparameter Jparameter 3

1 0 0 100
2 20 0.25 20
3 20 0.7 0

4 25 0.62 80
5 35 0.84 60
6 42 0.84 40

Implementation of Ensemble Approach

For the CV process, the training data set with @as were divided to 10 data
subsets with a similar size. Each data subset wad for both training and testing
and, more specifically, 9 times for training anccerfor testing. The training data
subsets contain complete degradation informatiomevwthe testing data subsets carry
only partial degradation information. The latterrevegenerated by truncating the

original data subsets after pre-assigned RULs.RUE pre-assigned to each unitin a
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testing data subset was randomly generated fromifaron distribution between its
zero and half-remaining life. This range in thefommn distribution was selected
based on the following two criteria: (i) the presigmed RULs should be small
enough to allow the occurrence of substantial déggran; and (ii) the variation of the
pre-assigned RULs should be large enough to tesotbustness of algorithms.

Following the work in [53], this study selectedehsory signals (2, 3, 4, 7, 11, 12
and 15) among the 21 sensory signals for the usleeirmember algorithms: RVM-
SBI, SVM-SBI, Exp-SBlI and Quad-BLR. A monotonic elifme trend can be
observed from these 7 sensory signals of whichntiise levels are relatively low.
For the VHI construction, the system failure mat@xwas created with the sensory
data in a system failure condition, @ £ 4, while the system healthy mat@ with
those in a system healthy conditidn,> 300. The RVM employed a linear spline
kernel function with the initial most probable hygmarameter vector for kernel
weights = [1x1(,..., 1x1d] and the initial most probable noise variangé =
1x10™ In the SVM, a Gaussian kernel function is usetihwie parameter settings as:
the regularization paramet€ = 10 and the parameter of thdansensitive loss
function = 0.10. In the RNN training, the 21 normalized s@y signals together
with the regime ID at each cycle were used as th#i4limensional inputs of the
RNN and the RUL at the corresponding cycle was uasdthe output. The
implementation details can be found in [56]. In RN architecture, the numbers of
the input, recurrent and output units &fe|22, R| = 8 andQ| = 1.

The evaluation metric considered for this examphpleyed an asymmetric score

function around the true RUL such that heavier f(imsa are placed on late
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predictions [129]. The score evaluation me8ican be expressed as

~ oy exp(-d /13- 1, d< 0 o
s(L.0)= op(d, 10 1 @0 0 whered, = [ - L] (5.9)

WhereEi andL" denote the predicted and true RoLthei™ unit, respectively. This

score function was used to compute the CV erpusing Eq. (5.2) for the accuracy-
and optimization-based weighting schemes. In thislys the weight optimization
problem in Eq. (5.8) was solved using a sequempieddratic optimization (SQP)

method which is a gradient-based optimization tese

Results of Ensemble Approach

The five selected member algorithms are RVM-SBI)(RB/M-SBI (SS), Exp-
SBI (ES), Quad-BLR (QB) and RNN (RN). The three gi#ing schemes are the
accuracy-based weighting (AW), diversity-based Wweng (DW) and optimization-
based weighting (OW). Table 5-3 summarizes the kigig results by the three
weighting schemes as well as compares the CV diahtian errors of the individual
and ensemble approaches. It is observed that gendile approaches with all three
weighting schemes outperforms any of the individunaimber algorithm in terms of
the CV error and that the one with the optimizatb@sed weighting achieves the
smallest CV error of 4.8387 on the training data 3688.62% improvement over the
best individual member algorithm, ES, whose CV eis07.8834. As expected, the
accuracy-based weighting scheme yields better gitediaccuracy than the diversity-
based weighting. This can be attributed to the that the former assigns larger
weights to member algorithms with better predictamturacy while the latter does

not consider the prediction accuracy in the weigetermination. To test the
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robustness of the ensemble approaches, the ted#iteg set with 218 units were
employed to compute the validation errors. Noté tha testing data set is different
from the training data set that was used to detenthe weights in the ensemble
approach. It is apparent that the ensemble appesaamiain outperform the individual
member algorithms and that the one with the ditetsased weighting performs best,
with a 34.7% improvement over the best individuammber algorithm, SS. This
suggests that the diversity-based weighting, coetpato the accuracy-based
weighting, provides a more robust ensemble of tleenber algorithms. It is noted
that the optimization-based weighting scheme atilieves a comparable validation

error to that of the diversity-based weighting sobe

Table 5-3 Weighting results, CV and validation errors for a0HM challenge
problem

RS-SS-ES-QB-RN

RS SS ES QB RN
AW DW OW

Weight by AW 0.3063 0.3029 0.3137 0.0151 0.0620 --- - mem
Weight by DW 0.1478 0.1488 0.1488 0.3354 0.2191  --- --- ---
Weight by OW 0.0000 0.0470 0.7462 0.2068 0.0000  --- --- ---

CV error 8.07438.1646 7.8834 163.337639.85836.91597.08524.8387
Validation error10.23939.3907 10.4710247.007920.14998.55446.12806.1955

Under the optimization-based weighting scheme, RhH. predictions by two
individual algorithms, ES and QB, with the largeseights and the ensemble
approach are plotted for 218 training and testingsuin Figure 5-2. The units are

sorted by the RULs in an ascending order. It imsbhat ES tends to give consistently
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early RUL predictions while QB tends to provide sstently late RUL predictions.
In contrast, the ensemble approach gives RUL plieds closer to the true values
while eliminating many outliers produced by the twwlividual algorithms. The

optimization-based weighting scheme provides bgtéformance since the scheme

employs an optimum ensemble formulation.

200 — 250
—True + —True +
o ES : o ES
+ QB . - 2001 * QB o
150} + Ensemble g ] + Ensemble| - o

0 100 150 200 250 % 507 100 150 200 250
Unit ID (sorted) Unit ID (sorted)
(@) (b)

Figure 5-2 RUL predictions of training units (a) and testingta (b) for 2008
PHM challenge problem (optimization-based weighting

Comparison of Different Combinations of Member Alipons

Out of the five member algorithms, 31 different donations can be chosen to
formulate an ensemble approach. It would be intexggo study how a choice of
combination affects the performance of an ensem@beoach. Table 5-4 summarizes
the CV errors for ensemble approaches with allipsssombinations of the member
algorithms under the optimization-based weightiolgesne. Three important remarks
can be derived from the results. First of all, 9t dbserved that the ES, as the

individual member algorithm with the best perforro@nalways serves as a member
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algorithm of the best ensemble approach. We alsergb that the ES, when involved
in the ensemble approach, always had a larger wtigh any other. It indicates that
the best member algorithm exhibits good cooperapggdormance which can be
identified by the optimization-based weighting solee Secondly, the QB, which
gives the worst individual performance, was suipgly selected as an important
member of the best ensemble approach. These residtsgh counterintuitive,
suggest that the ensemble approach can adaptiyethiesize the prediction ability
and diversity of each individual algorithm to enbarthe accuracy and robustness of
RUL predictions. Indeed, the QB is prone to give IRUL predictions as shown in
Figure 5-2 and thus possesses higher predicticergity. Thirdly, both the mean and
standard deviation of CV errors decrease as thebaurof member algorithms
increases. The mean and standard deviation of @¥sepf ensemble approaches
with a single member algorithm are 45.4636 and H383 respectively, and they
monotonically decrease to 5.1896 and 0.7440, réspbg by the ensemble approach
with four member algorithms. Thus it would be beéciaf to have more member
algorithms to enhance the prediction accuracy aulige the uncertainty of this

accuracy.
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Table 5-4 Comparison of CV errors of different combinatiorisrember
algorithms for 2008 PHM challenge problem (optinima-based weighting)

Combination CV error Combination CV error Combination CV error
RS 8.0743 RS-SS 8.0769 RS-SS-ES  7.8834
SS 8.1646 RS-ES 7.8834 RS-SS-QB  4.9123
ES 7.8834 RS-QB 4.9162 RS-SS-RN  6.7983
QB 163.3376 RS-RN 6.8002 RS-ES-QB  4.8391
RN 39.8583 SS-ES 7.8834 RS-ES-RN  6.5194
Mean 45.4636

Std* 67.3188

RS-SS-ES-QB  4.8387 SS-0QB 4.9362 RS-QB-RN 4.9162
RS-SS-ES-RN 6.5194 SS-RN 6.8376 SS-ES-QB  4.8387
RS-SS-QOB-RN  4.9123 ES-QB 4.8391 SS-ES-RN  6.5194
RS-ES-QB-RN  4.8391 ES-RN 6.5194 SS-QB-RN  4.9362
SS-ES-QB-RN  4.8387 QB-RN 17.5868 ES-QOB-RN 4.8391
Mean 5.1896 Mean 7.6279 Mean 5.7002
Std 0.7440 Std 3.7182 Std 1.1234
RoSSES-QB 4 8387

2 Standard deviation

Power Transformer Problem

The power transformer is a critical power elemanhuclear power plants, since
an unexpected breakdown of the transformer causes ghut-down and substantial
societal expense. So it is very important to ensugé reliability and safety of the

transformer during its operation. Investigationstlué failures causes have revealed
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that mechanical breakdowns constitute a large o unexpected breakdowns of
transformers in nuclear power plants [130]. Themsfohealth monitoring and
prognostics of the transformer with respect to meatal failures is of significant
importance to preventing unexpected breakdowns mmimizing interruptions to
reliable customer service. This case study conduatssformer health prognostics

with sensory signals obtained from a transformatdielement (FE) model.

Model Description

The FE model of a power transformer was createANISYS 10 as shown in
Figure 5-3, where one exterior wall is concealethéke the interior structure visible.
The transformer is fixed at the bottom surface awtbration load with the frequency
of 120 Hz is applied to the magnetic core. Thedahwmndings have a total number of
twelve support joints, with each having four supgomts. The random parameters
considered in this study are listed in Table 5-Biclv includes the material properties
of support joints and windings as well the georestrof the transformer. The
uncertainties in vibration responses propagatech filzese uncertain parameters will
be accounted for when generating prognostic data.

Since it is very difficult, if not impossible, tdbtain direct measurements of the
health condition of transformers, indirect measweets® are most often used to
diagnose the health condition and predict the RWiEstransformers [131]. In
particular, the vibrations of the magnetic core ahthe windings could characterize
transitory overloads and permanent failures betorg irreparable damage occurs
[132,133]. Thus, this case study employs the vibnasignals of the magnetic core

and of the windings of a power transformer to peetlie RULs of transformers.
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Figure 5-3 A power transformer FE model (without the
covering wall)

Table 5-5 Random geometries and material properties for ponaasformer

problem
Component Physical meaning Distri. type Mean Std
X1 Wall Thickness Normal 3 0.015
X Angular width of support 15 0.075
joints
Height of support joints Normal 6 0.03
_Y(_)ung s modulus of support Normal 2E+12  1E+10
joint
X5 Young’'s modulus of winding  Normal 1.28E+12 6E+8
X6 Poisson ratio of joints Normal 0.27 0.0027
X7 Poisson ratio of winding Normal 0.34 0.0034
X8 Density of joints Normal 7.850.000785
Xo Density of windings Normal 8.96 0.0896

Prognostic Data Generation

The failure mode considered in this study is theséming of a winding support
joint (see Figure 5-3) induced by the magnetic ailbeation. The joint loosening was

realized by reducing the stiffness of the jointeThilure criterion is defined as a 99%
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stiffness reduction of the joint. To model the eécpry of change in stiffness over
time, this study uses a damage propagation modikelami exponential form as [129]

E(t)=E, +k(1- exp( & 1) (5.10)
where Ey is the initial Young's modulus of the joinge and bg are the model
parameterst is the cycle time. The initial Young’'s modul& follows the same
normal distribution withx, (see Table 5-5). The model parametafsand bg are
independent and normally distributed with mean9®.8nd 4E+12, each of which
has a 10% coefficient of variation.

Since data-driven prognostic approaches requirargelamount of prognostic
data, it is computationally intolerable, if not iogsible, to simply run the simulation
to generate every data point. To overcome thigcditly, this study employed the
univariate decomposition method that only uses maice number of univariate
sample points to construct the response surface fgeneral multivariate response
function while achieving good accuracy [8]. Thiadst selected 5 strain gauges (see
Figure 5-4) from the optimally designed sensor ekrconsisting of 9 strain gauges
and thus requires the construction of 5 responseces. The data generation
process involves four sequentially executed proaedu(i) four univariate sample
points were obtained from the harmonic analysisotastruct response surfaces, along
the damage propagation path, that approximatetthé components at five sensor
locations as functions of random variables detaifedable 5-5; (ii) 400 randomly
generated samples &b, a= and bg were used in conjunction with Eq. (5.10) to
produce 400 damage propagation paths, of which f0Q0s were assigned to the

training units and the rest to the testing uniig; the constructed response surfaces
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were used to interpolate the strain componentatsensor locations for a given set
of randomly generated geometries and material ptiegeand damage propagation
paths, and repeatedly executing this process fOrté@es gave the training data set
with 200 training units and the testing data sethw200 testing units; (iv)

measurement noise following a zero mean normatilbiigion was added to both the
training and testing data sets to finalize the dpaeration. The cubic spline was
used as the numerical scheme for the responsecswastruction and interpolation.
Simulated measurements by sensors 1 and 5 are@latjainst the adjusted cycle
index, defined as the subtraction of the cycleaitife from the actual operational

cycle, in Figure 5-5 for all 200 training unitstime training data set.
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Figure 5-4 5 strain gauges located on the side wall of power
transformer
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Figure 5-5 Simulated measurements by sensors 1 (a) and br(ppiver
transformer problem

Implementation of Ensemble Approach

The training data set with 200 units were equatig aandomly divided to 10
subsets. Similar to the first example, when usedHe testing in CV, each unit in a
subset was assigned with a randomly generated Rbth fa uniform distribution
between its zero and half-remaining life. All theef member algorithms used the
same parameter settings with those detailed ifirdtecase study. The score function
in Eg. (5.9) was again used to compute the CV ergorfor the accuracy- and

optimization-based weighting schemes.

Results of Ensemble Approach

Table 5-6 summarizes the weighting results by Hreet weighting schemess
well as compares the CV and validation errors @& thdividual and ensemble
approaches. Compared to the first example, siméaults can be observed: (i) the

ensemble approaches with all three weighting sceeyiedd smaller CV error than
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any of the individual member algorithm and the awiéh the optimization-based

weighting gives the smallest CV error of 2.7258tbe training data set, a 66.48%
improvement over the best individual member algonit RN, whose CV error is

8.1323; (ii) the accuracy-based weighting scheneddyia comparable CV error to
that of the diversity-based weighting; (iii) thetiopization-based weighting scheme
achieves a validation error of 5.6138, which is pamable to the smallest validation
error of 5.6119 by the diversity-based weightingesoe.

Under the optimization-based weighting scheme, Rh#. predictions by two
individual algorithms, ES and QB, with the largeseights and the ensemble
approach are plotted for 218 training and testimgsuin Figure 5-6. It can be
observed that ES and QB are prone to produce eaudly late RUL predictions,
respectively, while the ensemble approach gives Rt#dictions closer to the true

values with a much smaller number of outliers.

Table 5-6 Weighting results, CV and validation errors for mawransformer
problem

RS-SS-ES-QB-RN

RS SS ES QB RN
AW DW OW

Weight by AW 0.2128 0.2269.2343 0.0677 0.2588 --- --- ---
Weight by DW 0.1488 0.1488.1688 0.3290 0.2048 --- --- ---
Weight by OW 0.0000 0.000®.6303 0.2336 0.1361 ~-- - mem

CV error 9.8922 9.2948.9849 31.0891 8.1323 3.48341242.7258
Validation error6.5737 6.88477.8251 20.0356 15.2265.78255.61195.6138
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Figure 5-6 RUL predictions of training units (a) and testingta (b) for power
transformer problem (optimization-based weighting)

Comparison of Different Combinations of Member Allipons

A comparison study of different combinations of niimalgorithms was again
carried out using the optimization-based weighsnlgeme for the power transformer
problem. Table 5-7 summarizes the comparison efuin which several important
remarks similar to those in the first example cardbrived. First of all, the member
algorithms ES and QB can always be observed irbé&st ensemble approach with
more than one member algorithms. We also obsentdahbk combination ES and QB,
when involved in the ensemble approach, alwaysahkdger weight than any other.
This result is different from what we observe ie first example, where the largest
weight was assigned to the best individual memlgrithm. This suggests that the
optimization-based weighting scheme makes lessotige even discarded the best
member algorithm that does not exhibit good codpargoerformance with other
members. Secondly, the QB, which gives the wordividual performance and is

prone to give later RUL predictions (see Figure)5v6as selected as an important
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member of the best ensemble approach. This agajgests that the prediction

diversity plays an important role in the weightetetination. Thirdly, as is the case in

the first example, both the mean and standard teniaf CV errors decrease as the

number of member algorithms increases. Thus thétiaddf member algorithms

tends to enhance the prediction accuracy and raétlecencertainty of this accuracy.

Table 5-7 Comparison of CV errors of different combinatiorisreember
algorithms for power transformer problem (optimiaatbased weighting)

Combination CV error Combination CV error Combination CV error
RS 9.8922 RS-SS 9.2945 RS-SS-ES  8.9561
SS 9.2945 RS-ES 8.9849 RS-SS-QB  3.1688
ES 8.9849 RS-QB 3.1764 RS-SS-RN  3.9651
QB 31.0891 RS-RN 3.9744 RS-ES-QB  2.7894
RN 8.1323 SS-ES 8.9561 RS-ES-RN  3.4557
Mean 13.4786

Std 9.8650

RS-SS-ES-QB 2.7894 SS-QB 3.1815 RS-QB-RN 3.1470
RS-SS-ES-RN 3.4557 SS-RN 3.9671 SS-ES-QB  2.7894
RS-SS-QB-RN  3.1433 ES-QB 2.7894 SS-ES-RN  3.4557
RS-ES-QB-RN  2.7258 ES-RN 3.4557 SS-QB-RN  3.1559
SS-ES-QB-RN  2.7258 QB-RN 6.9724 ES-QOB-RN 2.7258
Mean 2.9680 Mean 5.4752 Mean 3.7609
Std 0.3232 Std 2.7412 Std 1.8640
RoSSES-QB 5 7058
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Electric Cooling Fan Problem

In addition to the numerical studies, we also cateldl experimental testing to
verify the effectiveness of the ensemble approécithis case study, we applied the
ensemble approach to the health prognostics otrefec cooling fan units. This
study aims to demonstrate the proposed ensembign@stics with 32 electronic

cooling fans.

Experimental Setup

In this experimental study, thermocouples and @a&coeleters were used to
measure temperature and vibration signals. To makes-to-failure testing
affordable, the accelerated testing condition fee 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 exym@nt block diagram of DC fan
accelerated degradation test is shown in FigureAs&hown in the diagram, the DC
fan units were tested with 12V regulated power supmd three different signals
were measured and stored in a PC through a datasdmn system. Figure 5-8(a)
shows the test fixture with 4 screws at each coforethe DC fan units. As shown in
Figure 5-8(b), an unbalanced weight was used anagnted on one blade for each
fan. Sensors were installed at different partheffan, as shown in Figure 5-9. In this
study, three different signals were measured: te Vibration signal by the
accelerometer, the Printed Circuit Board (PCB) blgoltage by the voltmeter, and
the temperature measured by the thermocouple. éelexometer was mounted to the
bottom of the fan with superglue, as shown in Fegbr9(a). Two wires were

connected to the PCB block of the fan to measueeviliitage between two fixed
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points, as shown in Figure 5-9(b). As shown in Fegh-9(c), a thermocouple was
attached to the bottom of the fan and measuredetin@erature signal of the fan.
Vibration, voltage, and temperature signals werguaeed by the data acquisition
system and stored in PC. The data acquisition system National Instruments
Corp. (NI USB 6009) and the signal conditioner frddCB Group, Inc. (PCB
482A18) were used for the data acquisition systentotal, 32 DC fan units were

tested at the same condition and all fan unitgifiufailure.

Accelerometer BNC S'gn_al
DC Fan Conditioner

l— BNC
PCB Block
[ Voltage I

C Iio Block PC
AC Adapter onnector Bloc
12V - DC 5

A 4

Thermocouple

A

Figure 5-7 DC fan degradation test block diagram

(b)

Figure 5-8 DC fan test fixture (a) and the unbalance weight
installation (b)
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Figure 5-9 Sensor installations for DC fan test: (a) accelatam (b) voltmeter
and (c) thermocouples

Implementation of Ensemble Approach

The sensory signal screening found that the fan BIOBk voltage and the fan
temperature did not show clear degradation trenkdergas the vibration signal
showed health degradation behavior. This study lieeb the root mean squares
(RMS) of the vibration spectral responses at trs five resonance frequencies and
defined the RMS of the spectral responses as tHefd?Hhe DC fan prognostics.
Figure 5-10 shows the RMS signals of three fansutot demonstrate the health
degradation behavior. The RMS signal graduallyaased as the bearing in the fan
degraded over time. It was found that the PHI ghlyi random and non-monotonic
because of metal particles, sensory signal norskjrgput voltage noise.

Among 32 fan units, the first 20 fan units weredus®e construct the training data
set for the CV, while the rest were used to buikl testing data set for the validation.
Due to the small amount of training data, this cstsely employed the 5-fold CV
where the training data set with 20 units was dyguahd randomly divided to 5
subsets. Similar to the previous examples, whed tmethe testing in CV, each unit

in a subset was assigned with a randomly geneRitddfrom a uniform distribution
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between its zero and half-remaining life. To exp#r&number of testing units, each
testing fan unit was assigned with two randomly egated RUL from a uniform
distribution between its zero and half-remainirfg, liresulting in totally 24 testing
units. The parameter settings detailed in the Geste study was again used for the
five member algorithms. With one cycle defined asrg ten minutes, the score
function in Eq. (5.9) was again used to computeGheerror ¢y for the accuracy-

and optimization-based weighting schemes.

Figure 5-10 Sample degradation signals from DC fan testing

Results of Ensemble Approach

The weighting results by the three weighting schearal the CV and validation
errors of the individual and ensemble approachessammarized in Table 5-8.
Compared to the previous examples, we observeé different results from which
three important remarks can be derived. First bftlaé ensemble approach with the
diversity-based weighting scheme gives considerkstyer CV and validation errors

than the best individual member algorithms, RS B8d This result is due to the fact
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that the diversity-based weighting, which reliesclegively on the prediction

diversity for the weight determination, assignedgéas weights to the member
algorithms, QB and RN, which produced very low pr8dn accuracy due to the

random and non-monotonic nature of the PHI (searEi§-10). Secondly, compared
to the best individual member algorithms, RS andtB&ensemble approach with the
optimization-based weighting gave smaller CV antidesion errors. However, the

improvement is insignificant. Since non-zero wegghte only assigned to the two
member algorithms, RS and ES, with superb prediatapability, the performance of
the resulting ensemble is totally determined bys¢hevo algorithms. However, RS
and ES gave similar RUL predictions and the resglensemble, which is indeed a
combination of two algorithms with similar predmti behavior, cannot achieve
significant improvement in the prediction perforrmanTherefore, we expect that the
ensemble approach achieves significant improvenmetite prediction performance

only in cases where member algorithms with compganatediction accuracy produce
diverse RUL predictions. Thirdly, although the memnhlgorithms, QB and RN, have
larger prediction diversity, their prediction acacy is not comparable with that of
the best member algorithms, RS and SS. As a rebgse two algorithms were

discarded from the algorithm pool by the optimiaatbased weighting. Under the
optimization-based weighting scheme, the RUL pienhs the ensemble approach
are plotted for the training and testing units igufe 5-11 where we observed very

accurate RUL predictions by the ensemble approach.
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Table 5-8 Weighting results, CV and validation errors foradtee cooling fan
problem

RS-SS-ES-QB-RN
RS SS ES QB RN

AW DW OW

Weight by AW 0.3646 0.37670.2552 0.0008 0.0027 - e ~m-
Weight by DW 0.1423 0.14270.1496 0.3285 0.2369 --- --- ---
Weight by OW 0.1155 0.88450.0000 0.0000 0.0000  --- --- ---

CV error 1.47701.42982.1100717.8430199.00671.518811.85201.4292
Validation error 0.7027 0.92230.7037461.5064 84.3975 0.718511.01770.6984

(@) (b)

Figure 5-11 RUL predictions of training units (a) and testingta (b) for electric
cooling fan problem (optimization-based weighting)

5.1.6 Conclusion

This section proposed a novel ensemble approacthéodata-driven prognostics
of high-risk engineered systems. By combining thredjtions of all member

algorithms, the ensemble approach achieves betiuracy in RUL predictions

141



compared to any sole member algorithm. Furtherntbeeensemble approach has an
inherent flexibility to incorporate any advancedgmostic algorithm that will be
newly developed. To the best of our knowledge, ihthe first study of an ensemble
approach with three weighting scheme for the dataed prognostics. Since the
computationally expensive training process is doffine and the online prediction
process requires a small amount of computationfartefthe ensemble approach
raises little concerns in the computational fedisibiThree engineering case studies
(2008 PHM challenge problem, power transformer [@mband electric cooling fan
problem) demonstrated the superb performance optbposed ensemble approach
for the data-driven prognostics. Among the threeiteng scheme, the optimization-
based weighting scheme showed the capability ofptaddy synthesizing the
prediction accuracy and diversity of each membgorghm to enhance the accuracy
of RUL predictions. Considering the enhanced aagurand robustness in RUL
predictions, the proposed ensemble approach i®miging data-driven prognostic

method for resilient engineered systems with alsitime-scale.

5.2 Co-Training Prognostics

The data-driven prognostics often requires a lameunt of failure data for the
offline training in order to achieve good accuréarthe online prediction. However,
in many engineered systems, failure data are fakfyensive and time-consuming to
obtain while suspension data are readily availalhe.such cases, it becomes
essentially critical to utilize suspension data,ichhmay carry rich information
regarding the degradation trend and help achieve mocurate remaining useful life

(RUL) prediction. To this end, this research pragsos co-training data-driven
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prognostic algorithm, denoted byo€roG which uses two individual data-driven
algorithms with each predicting RULs of suspensiamts for the other. The
confidence of an individual data-driven algorithm predicting the RUL of a
suspension unit is quantified by the extent to Witwe inclusion of that unit in the
training data set reduces the sum square error)(BSBIL prediction on the failure
units. After a suspension unit is chosen and itd RdJpredicted by an individual
algorithm, it becomes a virtual failure unit thatadded to the training data set. The
co-training algorithm addresses the difficulty ioheeving highly-confident health
prognostics with the lack of failure data for resit engineered systems with a single

time-scale.

5.2.1 Description of Prognostic Algorithms

An artificial neural network (ANN) can be treated a non-linear model that
establishes a set of interconnected functionatioglships between input patterns and
desired outputs where a training process is emgltyeadjust the parameters (mainly
network weights) of the functional relationshipsachieve optimal performance. In
recent years, neural networks have been extensiymgdied to predict the remaining
useful lives (RULS) in various contexts such as mvary prognostics [57,60], flight
control prognostics [134] and battery prognostid35]. This section briefly
introduces two selected neural network approacbesdéta-driven prognostics: a
feed-forward neural network (FFNN) approach andadial basis network (RBN)
approach. A validation mechanism with multiplelsis used to train both the FFNN
and RBN with an aim to minimize the overfitting agell as improve the

generalization.
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Feed-Forward Neural Network

Network Structure

The feed-forward neural network (FFNN), also knows the multi-layer
perceptron, can fit any finite input-output mappprgblem with a sufficient number
of neurons in the hidden layer [136]. The netwalcomposed of three layers (see
Figure 5-12), namely, the input laykerhidden layeH, and output laye®©. Units of
the input layer and the hidden layer are fully aestad through the weight&/""
while units of the hidden layer and output layee &ully connected through the
weightsW, Let1® = (1,0, 19, 1@, HO = HO,..., HOY,..., Hy®) andO® =
0.9,..., 08,..., 00") be the input patterns, hidden activities and ouggtivities at
the time stef, respectively, wherd|] R| and Q| denote the numbers of the input,
hidden and output units, respectively, ancdbféandb® be the bias terms added to the
net inputs of hidden units and that of the outmit, wuespectively. The net input of the

i"™ hidden unit can then be computed as

HY = w0 g (5.11)

Given the hyperbolic tangent sigmoid transfer fiorctas the activation functioip,

the output activity of th¢" hidden unit can then be computed as

H(t):fH(H(t)):1+e>¢)(2-2H](t))-l (5.12)

Given the linear transfer function as the activatfanction fg, the net input and
output activity of the™ output unit can be computed, respectively, as
t) t
o= wer HI (5.13)

i
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and

Q¥ = f,(a?) = (5.14)
We note that, in order to use the FFNN for RUL poeon, both the network weights

and biases need to be determined through the netvadning which will be detailed

in the subsequent section.

Input Layer Hidden Layer Output Layer

Figure 5-12 Structure of a FFNN with one hidden layer.

For data-driven prognostics, the inputs to the FFNBI the normalized current
cycle value, normalized sensory measurements atutrent and previous cycles. If
we haveNs sensory measurements as the condition monitortey @ each cycle, the
vector of network input pattern® is denoted by an input vector= (xy, X,..., Xons+1)
with x; being the current cycle valueg and Xxs1 being the i(1) " sensory
measurement at the current and previous cyclepectsely, for 1 i Ns The
output is the normalized predicted RUL associateith vihe current sensory
measurement, denoted Hy. As pointed out in previous works [60,137], the

combined use of two consecutive data points previdduable information regarding
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the rate of change of sensory measurements andtlleusate of system health
degradation. We do not intend to use more thandata points due to the following
reasons: (i) more out-of-date information regarditite “trend” of sensory
measurements is carried by earlier data pointsadig&ion of which may lead to the
distortion of the most up-to-date information oh& from the two most recent data
points; and (ii) an increase in the number of inpatterns causes an increase in the
network weights to be trained, which results inighlr chance of over fitting and

deteriorates the generalization performance.

Training Process

The training of FFNN refers to the adjustment ofwwek parameters (weights
and biases) by exposing the network to a set ofiti@ginput instances, observing the
network outputs, and readjusting the parametensinamize a training error. With the
improvement of generalization being the main focl&FNN training, we employ a
validation mechanism based on the so-called holdpptoach. In this mechanism,
the holdout approach divides the original traindlaga set into two mutually exclusive
subsets called a training set and a validatiorf{®ed holdout set). The training set is
used to compute the gradient and update the netweidshts in order to minimize a
performance function. The sum-square error (SSBhernvalidation set is treated as

the performance function or validation error, exgexl as

SSE= = N( b ) (5.15)

k=1 k=1
whereN is the number of training input and output ins&me is the prediction error

for the K" training instance, ant” andL,' are the predicted and true normalized
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RULs for thek™ instance. During the initial phase of traininge tinaining error as
well as the validation error typically decreasewsithe network is learning to find a
good mapping between the training inputs and ostgdowever, when the network
begins to fit the noise, not just the signal, therétting occurs, leading to an increase
in the validation error in spite of an uninterrupidecrease in the training error. The
training is stopped when the increase in the vabdaerror lasts for a specified
number of training iterations, and the network viaésgand biases at the minimum of
the validation error will be used to construct EFElEENN model for RUL prediction. In
this work, we used 60% of the original data sethastraining data set and the rest as
the validation set. We observed that this settesyited in a FFNN model with good
modeling and generalization performance. The bagaation training with an
adaptive learning rate [136] is employed to obthm optimal weights and biases of
the FFNN. Since the training algorithm is randoasulting in slightly different SSE
values produced by different training executiong, train the FFNN 10 times to
obtain 10 trained FFNNs among which the one with lbwest SSE is saved for

future use.

Radial Basis Network

Network Structure

Another neural network approach we employ for diateen prognostics is the
radial basis network (RBN) which was reported tovehamportant universal
approximation properties [138], and whose struchears a striking resemblance to
that of FFNN shown in Figure 5-12. In an RBN, eaxtit in the hidden layer is a

radial basis functiorf with its own center, and for each input pattgra (X3, X,...,
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Xons+1), It computes the Euclidean distance betweand its center and then applies a

polyharmonic basis function, expressed as

[x-c|" k= 135,
f(x,cj): o (5.16)
- o[ in(]x o). k= 2,46

wherec; andk; are the center and function order of fheinit in the hidden layer. We
can observe from the above expression that eademhidnit in the RBN computes an
output that depends on a radially symmetric fumcémd, when the input is at the
center of the unit, the strongest output can baioét. The network output is the
normalized predicted RUL”, expressed as a weighted summation of the outduts

hidden units

P WHF (x,c;) (5.17)
kj U

=1
We note that, although the RBN and FFNN (or MLParsha similar network

structure, there are mainly three differences bebhnbese two networks:

(1) The activation function of the hidden layer in aBNRis a radially symmetric
function (or a radial basis function) which computine Euclidean distance
between the input pattern and its center, wherbkasattivation function of a
FFNN computes the inner product between the inpttepn and the input weight

vector.

(2) The output layer of an RBN is always in a lineanfpwhereas in a FFNN it can

be in a linear or nonlinear form.

(3) An RBN typically has a single hidden layer, wheraaBFNN can have multiple

hidden layers.
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In order to use the RBN for RUL prediction, botle tbenters of hidden units and
network weights need to be determined through #tevark training which will be

detailed in the subsequent section.

Training Process
The training of an RBN can be viewed as a curiafit problem in a

multidimensional space from the following two pegsfives: (i) the objective of the
training is to find an optimal response surfaceairmultidimensional space that
provides the best fit to the training instances] i) the testing (i.e., output of the
network to input data not seen before) is equivalém the use of this
multidimensional surface to interpolate the testaddn this study, a two-phase
learning scheme [139] is used to train the RBN wiith multivariate polyharmonic

basis function as the activation function. Thisnireg process is detailed as follows:

Phase 1 Initialize the center€ of radial basis functions (RBFs) with training utp
instances randomly selected from the original trgjrdata set, i.eC = [cy,..., Cv]
with ¢ being thg™ RBF center. The width of any RBF neuron is set to be one.
Phase 2: Determine the output layer weigh&/°" which best approximate the

training instances by a matrix pseudo-inverse tieghe, expressed as

wor=( T )T (5.18)
where the target output vectar = [Li',..., Ln']", and s an Nx(M+1) design
matrix constructed based on the training instaacesRBF centerwith  j; = 7(X;,c).

It is noted that the gradient-descent error bagkggation learning method is not used

in this study since, compared to the matrix pseunderse technique, it requires much
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higher computational effort. With an aim to imprave generalization performance
of the RBN, we divide the original training datat seto the mutually exclusive

training set (60% of the original set) and validatset (40% of the original set), train
the RBN with randomly selected RBF centers anduatal the validation error 10

times, and choose the trained RBN with the lowa$tsation error for future use.

5.2.2 Co-Training Prognostics

This section presents the proposed co-trainingrihgo (CorProOQg for data-driven
prognostics. Firstly, the overall procedure of thligorithm is described. Next, details
are provided on the measure to quantify the confideof an individual data-driven
algorithm in predicting the RUL of a suspension tufihis is followed by an
introduction of the weight optimization scheme émmbining RUL estimates from
two algorithms for online prediction. Finally, rerka on how ©PROG can help

improve the prognostic performance are given.

Overall Procedure

Under the context of machine learning, the two -dii@en prognostic algorithms
(FFNN and RBN) detailed earlier can be treatednasregressors whose focus is to
model the relationship between the RUL (dependantkle) and the current cycle
value and sensory measurements (independent \es)alfiurthermore, failure data
can be treated as labeled data since each inputication (current cycle value and
sensory measurements) has its corresponding IRhHL)( while suspension data can
be named as unlabeled data since the label (RULgach input combination is

unknown.
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Let = {(xuLi"),...., L)} and  represent the failure (labeled) and
suspension (unlabeled) training data sets, resdgtiwherex; is the i™ input
instance composed o2+ 1 elementd,;" is its normalized RUL, i.e., its label, ||is
the number of labeled instances, and the RULs I@abéinstances in are unknown.
The pseudo-code of theo€rogG algorithm is shown in Table 5-11, where the
function TrainFun( ,j) returns thg™ trained algorithmj(= 1 for FFNN and = 2 for
RBN) based on the labeled dataln the training process (see Figure 5-13)PROG
works as follows: initially two trained algorithnig andh, are generated from.,
and, for a predefined numbadr of iterations, the refinement of each algorithm is
executed with the help of unlabeled instances &bk} the latest version of the other
algorithm. For each iteration, a sétof u suspension units is randomly sampled from

. Each algorithmh; predicts the labels of input instances of each imi ' and
selects the uniX;' with the highest labeling confidence. Then theeothlgorithm is
refined with the labeled unlabeled instanceadded to its training data set Note
that a failure or suspension unit contains multipfaut instances and, to distinguish a
failure or suspension unit from an input instarwe,use the notatioK to denote the
former and the notatioxto denote the latter. In the testing processRibié estimate
for a given testing instance is the weighted surthefoutputs of two algorithms built

after the last GPROGiIteration.
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Table 5-9 Pseudo-code of thedProGalgorithm

ALGORITHM : COPROG

INPUT: failure data set,

of

suspension data sef,— maximum number

co-training iterationg) suspension pool size

TRAINING PROCESS

1

© 00 N O 0o A WDN

N
= O

=
N

o
o~NOoOOh W

N B
o ©

21

1= 5 2=

h; = TrainFun( 1, 1); hp = TrainFun( », 2);

Repeatfor T times

Create a pool ' of u suspension units by random sampling from

forj=1to 2
for eachX,
L =h(Xy);

hJ'I = TrainFun( j {Xu Lup}1 )k
xu=- (LT D)) - LT h(x))

end

if there exists an jx, >0

Xj' = argmaxy

i ={X Lk
else
=9,
end
end

pxu Lj"=h(Xj);

I= I\ J;

if [==@&& ;== exit

else 1= 1 o 2=

2 1

h; = TrainFun( 1, 1); hp = TrainFun( », 2);

end

TESTING PROCESS
22 L7 = wihy(x) + wohy(X) for any test data
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{ Unlabeled data (suspension data) ]
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S ="

Labeled unlabele """ T T ey Labeled unlabele
data by RBN data by FFNN

Algorithm 1 Algorithm 2
(FFNN) (RBN)

[ Labeled data (run-to-failure data) ]

Figure 5-13 Flowchart of training process in0BROG

Confidence Measure

One critical issue in the co-training prognostisshbw to select an appropriate
suspension unit to utilize. An inappropriate setettmay lead to a mislabeled
suspension unit (or with an incorrect RUL estimatjch, if added to the training
data set, may negatively affect the performancanoélgorithm. We believe that the
most confidently labeled suspension unit by a daitgen prognostic algorithm
should help decrease the error of that algorithnthenabeled data set to the greatest
extent. Therefore, we quantify the confidence ibelang a suspension unit by the
extent to which the inclusion of that unit in thaining data set reduces the sum
square error (SSE) in RUL prediction on the failuneits. Mathematically, the

confidence measure of tfffalgorithm on a suspension uMit can be expressed as

D= (-l ) (gl Desd))

xl

o (5.19)
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whereL;" denotes the true RUL of the input instanceontained in the labeled data
set ;, Li"(x;, ) denotes the predicted RUL by tfi&prognostic algorithm trained
with the labeled data set;, L.~ denotes the predicted RULs of input instances
contained in the suspension uKi, h; denotes the original algorithm ahd denotes
the one refined with the suspension informatiof,{L."}. The above confidence
measure reflects the fact that the most confidesglgcted suspension unit is the one
which keeps the prognostic algorithm most consistéth its existing training data

set.

Weight Optimization

After using two data-driven prognostic algorithms s$elect and label the
unlabeled suspension units during the offline trgnwe then obtain two augmented
labeled training data setg and », each of which contributes a trained algorithm for
the online prediction. Then, the RUL predictions thiese two algorithms are
combined in a weighted-sum formulation as the fimadiction.The simplest way is to
average the two predictions, whids acceptable only when the prognostic algorithms
provide the same level of accuracy. However, mae likely that an algorithm tends
to be more accurate than the other. In such casesuld be ideal to assign a greater
weight to a member algorithm with higher predictamturacy in order to enhance its
prediction accuracy. Hence, two individual algamth with different prediction
performance should be multiplied by different weidgctors. In what follows, we
propose a weight optimization scheme to maximizeabcuracy in RUL prediction

by adaptively synthesizing the prediction accuratyach individual algorithm. In
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this scheme, the weights can be obtained by sol@mgptimization problem of the
following form

Minimize SSE:XJ (E-(whx)+ Wf()ﬁ)))z (5.20)

Subjectto  w+w,=1
where denotes original training data set. After the prgoh of RULS using the two
prognostic algorithms, the above optimization peoblcan be readily solved with
almost negligible computational effort since thagh optimization process does not
require the re-execution of these algorithms. Weeek that, by solving the
optimization problem in Eq. (5.8), the resultingsemble of the two algorithms will

outperform its counterpart with equal weights inrte of prediction accuracy.

Remarks on Co-Training Prognostics

In what follows, we intend to elaborate on how flteposed ©PRoGalgorithm
can utilize the suspension data to improve the mostc performance from two
perspectives: (i) how an individual prognostic aiton can benefit from the
utilization of suspension data; and (ii) how the o$ two algorithms can enhance the

prognostic accuracy as compared to an individugrghm.

Regarding the utilization of suspension data, Fdal4 illustrates that using one
prognostic algorithm (FFNN or RBN) to label the ain¢led instances help improve
the prediction accuracy on the test data in a psgn sample space. Here,
consists of all possible prognostic samples obthureder different testing situations
(e.g., manufacturing condition, health conditiond atlegradation rate). We have

sparse labeled data (or failure data) but plentyrdébeled data (or suspension data).
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For test data in the close vicinity of labeled date believe the training algorithm
used to build the prognostic algorithm with onlybdéed data can generalize
sufficiently well to make reasonable prediction$isTis not to say all predictions
made in such cases are highly accurate: at poiats dre sparsely populated by
labeled data, relatively large errors are expe¢asdis the case in Figure 5-14), but
the predictions will still be meaningful. For tekita that fall significantly away from
labeled data, we expect that FFNN or RBN outputgddcaontain intolerably large
errors. If the unlabeled data can be properly Etbaind added to the labeled data set,
the algorithm can provide more accurate RUL preahict for test data that are close
neighbors of these labeled unlabeled data. Wethateheproper labelingis realized
by selecting appropriate unlabeled data accordmgthe maximization of the

confidence measure in Eq. (5.19).
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Figure 5-14 Prognostic space with labeled,
unlabeled and test data

Regarding the use of two prognostic algorithms, neée that this strategy can

produce the following two desirable effects:
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Creating diversity:The two algorithms with different network struetarand training
procedures lead to the diversity in RUL predictitbased on which the ensemble
obtains better predictive performance than couldob&ined from any individual
algorithm. Since, during each iteration, the susmenunit chosen bin will not be
chosen byh,, the suspension units two algorithms label foreather are different,

which can be treated as another mechanism for eagimg the diversity.

Reducing overfittinglf we consider that the labeled training data sett@ins noise,
the use of two prognostic algorithms can be helpdureduce overfitting. Let
denote the set of noisy data in For a suspension (unlabeled) uxit either of the
algorithms h; and h, will rely on a set of neighboring labeled data label X,.
Assume this set is andX is labeled byh;. Then, {X,,h;(Xy)} is added to 1, where
the labelsh;(X,) suffers from the noisy data in . For another unlabeled unit,
which we assume is very closeXg, the neighboring labeled data for labelxgwill

be approximately  {Xy,hi(Xy)}. Thus, hi(X,) will be roughly affected by
(. {Xu,h1(Xy)}. Note that {X,h:(X.)} has already suffered from the noisy data
in . . Thus,hy(X,) will be affected by. more seriously thah;(X,) does. As
we label more suspension units, the effect of naigetinues to propagate and
becomes more severe. Whereas if the Xpits labeled byh, and {X,,h2(Xy)} is put
into 1, thenhy(X,) will suffer from . only once, thereby preventing the effect of

noise from propagating.

5.2.3 Case Study: Rolling-Element Bearing Progeesti

In this section, the proposedofRoG algorithm for data-driven prognostics is
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demonstrated with a PHM case study on rolling-el@nteearing health prognostics
(simulation). The rolling-element bearing is a icat component in rotational
machines, since an unexpected failure of the bgdesds to machine shut-down and
catastrophic damage. Thus, it is very importargrtsure high reliability and safety of
the bearing during its operation. This case stumhdacts bearing health prognostics
with sensory signals obtained from a vibration madé¢he rolling-element bearing.
To study how the exploitation of suspension datéectéd the prognostic
performance, we compared the co-training approadittze FFNN and RBN without

the use of suspension data in terms of prognostigracy and robustness.

Bearing Defect Simulation

We employed an existing vibration model [140,14d]simulate the vibration
signal produced by a single point defect on thelimace of a rolling-element bearing
under constant radial load. The model takes intmwaat the effects of the single
point defect, shaft speed, bearing load distribytiand the exponential decay of
vibration. The simulation assumes the followingrbeaparameters: pitch angle=
0°, shaft rotational speeg = 100rpm corresponding to shaft rotational frequyen/
1.67Hz, bearing-induced resonant frequefacy 5000Hz, pitch diametet, = 23mm,
roller diameterd, = 8mm and number of rollers, = 9. Then the characteristic

defective frequency corresponding to an inner faak can be computed as

flre =—— 1+dicos(q) » 10.11H: (5.21)

p
Figure 5-15(a) plots the simulated vibration sigofla bearing with an inner race

fault in the time domain. Using the fast Fouriensform (FFT), we converted this
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signal to the frequency domain and obtained itgUemcy spectrum in Figure 5-15(b)
where the spectrum is dominated by high-frequeespmant signals. Through band-
pass filtering and rectifying the raw vibration rsad, we excluded these resonant
signals by other parts of the rotational machiné derived a demodulated signal as
shown in Figure 5-15(c). The frequency domain mibthe demodulated signal in

Figure 5-15(d) indicates the presence of a deféttt the characteristic frequency of
10.13Hz which exhibits good consistency with thdcwated inner race fault

frequency in Eq. (5.21).
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Figure 5-15 Simulated signal of outer-race defect: (a) time donplot and (b)
frequency spectrum of raw signal; (c) time domdot pnd (d) frequency spectrum
of demodulated signal.
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We then repeatedly generated the vibration sigwéls exponentially increasing
defect magnitudes corrupted by random fluctuatiohsset of initial values and
increasing rates of defect amplitudes were randagelyerated to produce a set of
bearing units. The lifecycle evolution of vibratispectra of an example bearing unit
is plotted in Figure 5-16(a) where it can obserihed, as degradation progresses over
time, the defect magnitudes at harmonic defectregjuencies (positive integer
multiples of the characteristic defective frequenbggin to appear and increase
exponentially. The feature we employed for dat&etriprognostics is the entropy as
shown in Figure 5-16(b). We can observe from bagurés that the degradation
undergoes two distinct stages. The first stagefexmred to as normal operation period
characterized by a relatively flat region. In thiage, no obvious defect can be found
in the bearing. In the second stage, the degradaticdhe bearing begins and the
signal is characterized by exponentially increadilefect magnitudes with random
fluctuations. This two-stage degradation behawsocansistent with previous works
on bearing prognostics [50,51,142].

For the training process, we generated a trainatg det consisting of 100 failure
(labeled) units and 100 suspension (unlabeledsuAg shown in Figure 5-16(b), the
failure data contain complete degradation infororatvhile the suspension data carry
only partial degradation information. The latterrevegenerated by truncating the
original failure data after pre-assigned suspensiimes. The suspension time pre-
assigned to each suspension unit was randomly giedeirom a uniform distribution
between 90 and 100 percentile lives. This rangehe uniform distribution was

selected based on the assumption that the suspamnsias taken out of service when
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it approaches its end of life. For the testing pss; we generated a testing data set
consisting of 100 testing units by truncating thegioal failure data after pre-
assigned RULs. The RUL pre-assigned to each testiitgwas randomly generated
from a uniform distribution between its zero andf-hamaining life. The lifecycle
evolution of entropy of a testing unit is plotted Figure 5-16(b), where we can

observe a smaller portion of health degradatiomyay compared to a suspension

unit.
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Figure 5-16 Lifecycle evolution of vibration spectra (a) andrepy (b) with an
inner race defect.

Implementation of GPROGAIgorithm

To investigate the effect of the amount of failutata on the performance
improvement by GPROG we evaluated algorithms under two different sgti
Setting 1(lack of failure data) 3 failure units and 10 suspension units (i.e. 18})
and Setting 2(plenty of failure datap 10 failure units and 10 suspension units (i.e.,
10L-10U). For each setting, the failure and susipendata were randomly selected
from the training data set consisting of 100 falunits (labeled) and 100 suspension

units (unlabeled). To comprehensively test the quarnce of algorithms under
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various sets of failure and suspension data asase#iccount for the randomness in
the training of FFNN and RBN, we repeatedly exedutee evaluation process 50
times, each with a different set of failure andp&usion units, and computed the
mean (accuracy) and standard deviation (robustnafsspot mean square errors

(RMSES) on the testing data. Mathematically, themRMSE can be expressed as

1
InlMSE:S_ RMSEk

01£k£50
2 5.22
1] W) 2
501£k£50 Nt

whereL'(x) denotes the true RUL of the input instacé&”(x) denotes the predicted

RUL by an algorithmN; denotes the number of input instances in thengstata set

. Since the health degradation at a very earlyesiag@imost negligible and thus the

occurrence of a failure is almost impossible, waasted the testing input instances
from the time step 6 of each testing trajectorync8ithe RUL prediction at a late
stage exerts a larger influence on maintenancesideemaking than that at an early
stage, we intended to separately investigate tbhgnmstic accuracy when a bearing
approaches its end of life. For this purpose, weaeied the testing input instances at
the last 5 time steps of each testing trajectony eemputed a critical-time RMSE
using Eq. (5.22). In the @RrRoGalgorithm, both the maximum number of co-training
iterations T and the suspension pool simewere set to 5. Regarding the FFNN
training, we employed 8 hidden units in the hiddayer and set the maximum
training epochs to 100. Regarding the RBN trainiwg, employed 20 RBF centers

with first-order polyharmonic functions.
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Results of ©PrROGAIlgorithm

Table 5-10 summarizes the RMSE results of supedvis& NN and RBN) and
semi-supervised (@RoQG learning. Here, FFNN and RBN refer to initial @lghms
before utilizing any suspension data. In what felp we intend to interpret the

results from the following two perspectives:

Prognostic accuracylt can be observed from Table 5-10 that tleeROGalgorithm
under any setting always outperforms any of thainalgorithms in terms of the life-
and critical-time mean RMSEs, which verifies thair@oGis capable of exploiting
the suspension data to improve the prognostic acgutUnder the setting with the
lack of failure data (i.e., 3L-10U),dPrRoGachieves the life- and critical-time mean
RMSEs of 5.2674 and 4.5505 on the testing data $81226% and 15.19%
improvements over the best initial algorithm, RB#hose mean RMSEs are 6.2905
and 5.3654, respectively. The accuracy improveroantbe attributed to the effective
utilization of valuable information that is only rcad by the suspension data. As
expected, the accuracy improvement becomes lesfficagmnt when we have more
failure data (i.e., 10L-10U). This is due to thetfthat a larger amount of failure data
captures more information regarding the degradatiend and leads to a reduced

amount of information gained by utilizing suspemnsiata.

Prognostic robustnesd$n addition to the prognostic accuracy, we algal@ated the

algorithms in terms of the prognostic robustnebsf is, the extent to which the
performance of an algorithm is insensitive to tlaeiation in the training data. Here,
the prognostic robustness was quantified usingsthedard deviation of RMSEs

obtained from 10 random sets of training data. Asws in Table 5-10, GPROG
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always performs significantly better than the alitalgorithms, which suggests that
the exploitation of suspension data byFBOG helps improve the prediction

robustness. The superior performance oPROGin robustness can be attributed to
the enrichment of degradation information by uiilig the suspension data and the

combined use of two algorithms.

To illustrate the accuracy improvements obtainedexploiting suspension data,
the RUL predictions by the initial algorithms (thet FFNN and RBN trained without
the utilization of any suspension data) and firgbathms (that is, FFNN and RBN
after the co-training process) under the settin@LeflOU are plotted for 200 training
and testing units in Figure 5-17. The units ardesbby the RULs in an ascending
order. The relative large scatter of RUL predicsicaround the true curve can be
attributed to the lack of failure units (only 3)wasll as the large noise in the entropy
feature data (see Figure 5-16(b)). It can be dbath compared to the two initial
algorithms, the final algorithms yield RUL predats that are closer to the true

values while eliminating many outliers producedlihy initial algorithms.

Table 5-10 RMSE results of supervised (FFNN and RBN) and ssuipervised
(CopPrOQ learning for rolling-element bearing problem

Training - Life-time RMSE (cycles) | Critical-time RMSE (cycles)
Statistics
data FFNN  RBN ®PROG| FFNN  RBN  (OPROG
Mean | 6.3119 6.2905 5.2674 | 5.5487 5.3654 4.5505
std’ 1.2980 1.2593 0.4851| 1.5794 1.3378 0.7659
Mean | 5.2051 5.0116 4.7928| 4.5234 4.2165 4.0406
Std 0.3501 0.4143 0.2637 | 0.6504 0.6291 0.5108

: Standard deviation

3L-10U

10L-10U
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Figure 5-17 RUL predictions by initial and final FFNNs (a) aR®BNs (b) for
rolling-element bearing problem (3L-10U)

5.2.4 Conclusion

This section presents a co-training prognosticsPOq algorithm, which, to the
best of our knowledge, is one of the earliest ¢&ffan semi-supervised learning for
data-driven prognostics. By utilizing the suspensitata, the GPROG algorithm
achieves better accuracy and robustness in RULighi@ts compared to any
individual algorithm without utilizing the suspeosi data. Results from an
engineering case study (rolling element bearindlera) suggested thatoBROG is
capable of effectively exploiting the suspensiortadtb improve the prognostic
performance and that the improvement becomes miormpnced when we have lack

of failure data for the offline training.

5.3 A Multiscale Framework with Extended Kalmanétil(EKF)

In general, system’s health condition is a slowetivarying system state, which
can be highly correlated with a fast time-varyiggtem state. For instance, the health

condition (or capacity) of a battery is highly adated with a fast time-varying
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system state, such as the state-of-charge (SO®ul&the existing techniques be
used for such a system, they generally demand tr@ous computational efforts and
provide noisy estimates of the slow time-varyingteyn state (or health condition).
To overcome these shortcomings, this research pespa multiscale framework with
an extended Kalman filter (EKF) and applied thenfework to Li-ion battery SOC

and capacity estimation. When applied for batterpgpostics, the proposed
framework comprises two ideas: (i) a multiscalemfeavork to estimate SOC and
capacity that exhibit time-scale separation anyl giistate projection scheme for
accurate and stable capacity estimation. As a #ybfi coulomb counting and

adaptive filtering techniques, the framework achghigher accuracy and efficiency
than joint/dual EKF. This multiscale framework elesb highly-confident health

prognostics for resilient engineered systems witlftiple time-scales.

5.3.1 System Description

To make the discussion more concrete, we will userete-time state-space
models with multiple time-scales. Without lossgaherality, we assume the system
has two time-scales: the macro and micro time-sc&8gstem quantities on the macro
time-scale tend to vary slowly over time while gystquantities on the micro time-
scale exhibit fast variation over time. The formae referred to as the model
parameters of the system while the latter are d¢dle states of the system. We then

begin by defining the nonlinear state-space modesiclered in this work as

Transition: Xk,.+1:F(Xk,| Uy, ,k)+Wk,| v o= ok Ty
(5.23)
Measurementy, , =G (X, U )+ Vi,

wherex is the vector of system states at the tigpes tyo +1-T, for1 | L, withT
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being a fixed time step between two adjacent measemt points, anil andl being
the indices of macro and micro time-scales, resgpaygt  is the vector of system
model parameters at the timi@; uy, is the vector of observed exogenous inputs;
is the vector of system observations (or measuresjjam andry are the vectors of
process noise for states and model parameterseatasgly; vy, is the vectors of
measurement noisdi(e,s,) and G(+,»,») are the state transition and measurement
functions, respectively. Note thhtrepresents the level of time-scale separation and
thatxyo = X-1,. With the system defined, we aim at estimatindilibe system states
x and model parametersfrom the noisy observationys

Let us take the battery system as an example.drb#itery system, the system
statex refers to the SOC, which changes very rapidly muay transverse the entire
range 100%-0% within minutes. Here we use an jtalan-bold lettex to indicate
that the system state in the battery system isatarscather than a vector, and the
same notational rule applies to all other functiansl variables. The system model
parameter represents the cell capacity which tends to vary glowly and typically
decreases 1.0% or less in a month with regular Tike. state transition equation
F(e,*,») models the variation of SOC over time whithe cell dynamic modeb(e,e,°)
relates the measured cell terminal voltagwith the unmeasured state (SOC) and
model parameter (capacity) and the measured exagenputu. Given the system’s
state-space model in Eqg. (5.23) and knowledge @finlasured input/output signals
(cell current/cell terminal voltage), we are intesl in estimating the unmeasured
state (SOC) and model parameter (capacity) in tneed- and in a dynamic

environment.
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5.3.2 Review of Dual Extended Kalman Filter Method

The dual extended Kalman filter (EKF) method isoenmonly used technique to
simultaneously estimate the states and model paeasnfl43]. The essence of the
dual EKF method is to combine the state and welKEFs with the state EKF
estimating the system states and the weight EKinashg the system model
parameters. In the algorithm, two EKFs are run ooently and, at every time step
when observations are available, the state EKmastis the states using the current
model parameter estimates from the weight EKF wihigeweight EKF estimates the
model parameters using the current state estinfistesthe state EKF. This section
gives a brief review of the dual EKF method. Thetfpart of this section presents the

numerical formulation and the second part desciibbesumerical implementation.

Numerical Formulation: Dual Estimation

The algorithm of the dual EKF for the system ddmeti in Eq. (5.23) is
summarized in Table 5-11. Since the dual EKF da#dake into account the time-
scale separationy is estimated on the micro time-scale. To reflbd, twe use the
notations ; andry, to replace x andry, respectively. Also note that, to be consistent
with the system description in Eq. (5.23), we use time indicesk andl to present
the dual EKF algorithm and this presentation isiegjant to a simpler version in
[144] with only one time index. The algorithm is initialized by setting the model
parameters and statex to the best guesses based on the prior informalibe
covariance matrices and x of estimation errors are also initialized basedttua
prior information. At each measurement time stdm® time- and measurement-

updates are performed in the following two EKFsigheEKF and state EKF.
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Table 5-11 Algorithm of dual extended Kalman filter [144]

Initialization

A0,0=E Ao,o I =E ( 00" Ao,o)( 0,0 ’ o,)T J

: (5.24)
f(o,o: E Xo,0 Xi) =E (Xo,o' )A(o,o)(x 0,0 X o,) :
Forkl {1,...,1}, Il {1,..., L}, compute
Time-update equations for the weight filter
S T I U L (5.25)
Time-update equations for the state filter
Xy :F(s\(k,l-l’uk,l- v _kj)' PR T xk,,_lAI-l 1t ow, (5.26)
Measurement-update equations for the state filter
X - X T X X T _1
K = %, (Ck,l) Cu X, (Ck,l) oy, (5.27)
X =Xy *Ki Yy, -G (XA_k,I’uk,I’ _k,I) ’ X (I' K EPE;) %, - (5:28)
Measurement-update equations for the weight filter
) T ) T -1
Kkv' = Kl (Ckv|) Ckr' Kl (Ck~|) + Ny ' (529)
Ak,| :ALJ +Kk,| Yk -G (),(\-k,l'uk,l":k,l) d o (I' K kp k]) -k,l. (5.30)
where
_ T“:(X’uk,l—l' kl)‘ X _ ﬂC':‘(X!uk,w kl)‘
Ak,l—l - ’ C:k,l - ’
fix X
X=Xy 11 X=Xk (531)
dG()“q(,,,uk',, )|
Ck,I d ‘

Weight EKF (Parameter Estimation)

The weight EKF first executes the time-update, whanior parameter estimates

A;(V, and their error covariance ~are computed with Eq. (5.25). Due to the
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addition of unpredictable process noigein Eq. (5.23), the uncertainties’ in the

parameter estimates always increase. Followingtithe-update step, the estimated

measurements are then computed by
Vi :G()A(_k,huk,w _k,l) (5.32)

The above predicted measurements are comparedhvtheal measuremenyg, to
obtain prediction errors which state the noveltytioe new information that the
measurementgy, brought to the filter relative to the parametegs The prediction

errors are used to adapt the current parametemasts and obtain posteriori
parameter estimateékyI using Eqg. (5.30). Due to the addition of one set of

measurements, the error uncertainties are reducedrabe seen in Eq. (5.30). This
process is referred to as the measurement-update.

In the battery system, the measured terminal qiesitare the cell terminal
voltagey and currenu. Since the capacity affects the SOC transitionctvHurther
affects the cell terminal voltage, the cell ternhivaltage measuremegtcan be used

to adapt the capacity by following the steps dethdbove.

State EKF (State Estimation)

The state EKF essentially follows the same manisetha weight EKF. One
difference lies in the fact that the time-updateha weight EKF employs the state
transition functionF(,s,*) as shown in Eq. (5.26). Similar to the weidgKF, the
measurement-update in the state EKF also usesftaeedces between the predicted
measurements in Eq. (5.32) and the real measurenerddapt the stateg;. As

shown in Eq. (5.28), the posteriori state estimatesobtained by correcting the priori
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state estimates with the prediction errors mukibloy gain factors.

When applied to the battery system, the state BKIS at estimating the SOC
based on the measured cell terminal voltagad current. Since the SOC directly
affects the cell terminal voltage through the ablhamic modelG(e,,*), the cell
terminal voltage measurement, as the model output,be used to back-estimate the

SOC, as one model input, by following the stepsitkxt above.

Numerical Implementation: Recurrent Derivative Canapion

The dual EKF method, which adapts the states amdnpsers using two
concurrently running EKFs, has a recurrent archirec associated with the
computation ofCy, in the weight filter. The computation @y, involves a total

derivative of the measurement function with respethe parametersas

dG()Aq(,,,uk'l, )|
. ‘ . (5.33)

Ck,l =

K|
This computation requires a recurrent routine sintib a real-time recurrent learning
[145]. Decomposing the total derivative into pdrtlarivatives and propagating the

states back in time results in the following rectegsequations

dG (fq(yl,uk,,, ) _ 1G (g(_k’| Uiy ) N G (ik,l Uiy ) dX,

L , (5.34)
d 1 e, d
dS\(kl — 1-[Iz(s\(k,l—l’uk,l— 1 ) + T":(s\(k{ 1,Uk_| 1 ) dg(k,l—l (5 35)
d f e d |
dXy.s _ o) 1 CKX dG(s\(;(,I—l’uk,l- 0 )

k,I-1
d d d (5.36)

Lo .
+ ﬂkYIl yk,l-l_G(Xk’l' S ) .
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The last term in Eq. (5.36) can be set to zero With assumption tha€,* is not
dependant on. Indeed, sinceKy* is often very weakly dependant onthe extra
computational effort to consider this dependenceat worth the improvement in
performance. Therefore, we drop the last term in (&B@6) in this study. Then the
three total derivatives can be computed in a régeiraanner with initial values set as
zeros. It noted that the partial derivatives of tifa@sition and measurement functions
with respect to the states and parameters can be easily computed with the

explicitly given function forms.

5.3.3 A Multiscale Framework with Extended Kalmaldr

As discussed in Section 5.3.2, the dual EKF me#zionates both the states and
parameters on the same time-scale. However, faemsgsthat exhibit the time-scale
separation, it is natural and desirable to adaptstbwly time-varying parameters on
the macro time-scale while keeping the estimatibthe fast time-varying states on
the micro time-scale. This multiscale framework espected to reduce the
computational effort and provide more stable estmaf model parameters. This
section is dedicated to the discussion of this éaork and is organized in a similar
manner as Section 5.3.2: the first part of thistisecpresents the numerical
formulation of the multiscale framework with EKFdathe numerical implementation
of the recurrent derivative computation in the nschle framework is described in

the subsequent part.

Numerical Formulation: Multiscale Estimation

As opposed to the dual estimation, we intend tavdes multiscale estimation

which allows for a time-scale separation in theéestnd parameter estimation. More
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specifically, we aim at estimating the slowly timarying model parameters on the
macro time-scale and, at the same time, intende&p khe estimation of fast time-
varying states on the micro time-scale to utilidel®e measurements. The algorithm
of the multiscale framework for the system descatibeEq. (5.23) is summarized in
Table 5-12. Note that, in contrast to the dual Eddorithms in Table 5-11, we only
use the macro time-scale indéxto present the macro EKF since the parameter
estimation is performed only every macro time step.

The algorithm is initialized by setting the moderameters and states to the
best guesses based on the prior information. Thar@mce matrices and  of
estimation errors are also initialized based on phier information. The main
algorithm essentially consists of the so-calledrsmgnd macro EKFs running on the
micro and macro time-scales, respectively. Notg tha micro time-scale here refers
to the time-scale on which system states exhilit ¥ariation while the macro time-
scale refers to the one on which system model petesitend to vary slowly. For
example, in the battery system, the SOC, as amystate, changes every second,
which suggests the micro time-scale to be approtaiy@ne second. In contrast, the
cell capacity, as a system model parameter, tygiccreases 1.0% or less in a
month with regular use, resulting in the macro tsoale being approximately one
day or so. The time- and measurement-updates petbin the macro EKF and

micro EKF are detailed as follows.
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Table 5-12 Algorithm of a multiscale framework with extendedlkan filter

Initialization

Xo,o =E Xo,o 1 =E (X 0,0” X o,()(x 0,

Forkl {1,..., 1}, compute

Time-update equations for the macro EKF

A A

k k-17 K k-1

+

Mea”

State projection equation for the macro EKF

)

Xk-l,L - F@ L(Xk 1,00 u-k 10L 7 k

Measurement-update equations for the macro EKF

Ke= " (c) ¢ (c) +
k:( -ka) -k'

A A

k= kK X - X

Forll {1,..., L}, compute

where

Time-update equations for the micro EKF

% =F(x

k,I-l’uk,l- 1k 1)’ o =A

k) 1 xk,l_lAk-l 1t

-1

Ny

T

Measurement-update equations for the micro EKF

K)IE,I = ;k‘, (Cﬁ,l)T Cﬁ,l -xk‘, (Cﬁ,l )T o

A _a- X A ~
Xt =X TK Vg _G(Xk,l’uk,l' k-l) )

Wi

X (l' KLk
1G (X’ukl’Ak—l)

TF (XU pr e
L
C, = dFO®L()’Zk— 1(,:;)’uk 10L 1 )‘

1 .

(5.37)

(5.38)

(5.39)

(5.40)

(5.41)

(5.42)

(5.43)

. (5.44)

(5.45)
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Macro EKF (Parameter Estimation)

At every macro time step, the macro EKF executedithe-update where prior

parameter estimateAs;K and their error covariance’ are computed with Eg. (5.38).

The addition of unpredictable process naigéncreases the uncertainties in the

parameter estimates. After the time-update stepstiite projection is conducted to
project the state estimates from the micro EKF thhoduhe macro time step,
expressed as the state projection funct@n (e,*,*) in Eq. (5.39). We note that
Fo L(%*,*) can be expressed as a nested form of #te sansition functiofr(s,,*) in
Eq. (5.23) and that the computational effort inealvin computingFo (*,,) is
negligible compared to the time- and measuremed#&igs conducted ih micro
time steps. In the measurement-update step, theork= computes the difference
between the projected states and the estimated &tabe the micro EKF and uses the
difference to obtain posterior parameter estimatbsch is detailed in Eq. (5.41).
Compared with the weight EKF, the macro EKF possesses distinctive
characteristics: (i) the time- and measurement-igsdare performed over the macro
time-scale I(-T) instead of the micro time-scald)( leading to the possibility to
greatly reduce the computational complexity; andtfie macro EKF uses the state
estimates from the micro EKF for the measuremengatgdenabled by the state
projection in Eq. (5.39), and the resulting paraneistimation becomes decoupled
with the state estimation where the real measurenieris|. (5.23) are used for the
measurement-update. The first characteristic comlagnify the effect of the
parameters on the states, i.e., that the paramstatd affect the states projected on

the macro time-scalé(T) more significantly than those projected on thermiime-
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scale T). The second characteristic helps distinguisheffects of the two unknowns
(states and parameters) on the only measurementie Isubsequent section, these
characteristics will be further explained and vedfwhen we apply the algorithm to

the battery system.

Micro EKF (State Estimation)

The micro EKF bears a strong resemblance to the Et&F in the dual EKF. The
only difference is that, for the state transitidthe micro EKF uses the capacity
estimate from the previous macro time step (see(&42)) while the state EKF
employs that the previous micro time step (see(&g6)). It is important to note that,
at the start of every macro time step, i.e., attitne t.1 o, the micro EKF sends the
state estimate to the macro EKF which then projedisrough the macro time step
according to the state projection equation in BgR8Y). Upon the completion of the
state projection at the end of every macro time,ste., at the timé; , the micro
EKF sends another state estimate to the macro EKFhwhén compares it with the
projected estimate and uses the difference to atthepparameter estimate in the

measurement-update step detailed in Eq. (5.41).

Numerical Implementation: Recurrent Derivative Comagtion

In the multiscale framework, the computationGyf in the macro EKF involves a

total derivative of the state projection functiortiwiespect to the parameteras

C, = dFos (% 1g’uk 1oL » )§ _ (5.46)

=k

Similar to the total derivative in Eq. (5.33), tlmsmputation also requires a recurrent
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routine. Decomposing the total derivative into @drtlerivatives, we then obtain the

following equation

dF0®L(),Zk- 10Uk 100 v )_ﬂ%o L(Xk 10Uk 10 1 )

d T ) (5.47)
+ 1-“:O® L (Xk— 1,0’ uk 1,00 1 ) ka-l,O
1-lls\(k-l,o d

The total derivative in the last term can be ol#diby using the recursive equations
Egs. (5.34)-(5.36). The partial derivatives of #t@te projection function with respect
to the statex and parameters can be easily computed with the explicitly given

function forms.

5.3.4 Application to Li-lon Battery System

In this section, we use the proposed framework tonagt the SOC and capacity
in a Li-ion battery system. When applied to thetdygt system, the multiscale
framework can be treated as a hybrid of coulomb toegrand adaptive filtering
techniques and comprises two new ideas: (i) a ncaliésframework to estimate SOC
and capacity that exhibit time-scale separation @h@ state projection scheme for
accurate and stable capacity estimation. The fiest of this section presents the
discrete-time cell dynamic model used in this stufliye second part presents the

multiscale estimation of SOC and capacity in thédpatsystem.

Discrete-Time Cell Dynamic Model

In order to execute the time-update in the micrd macro EKFs, we need a state
transition model that propagate the SOC forward nmeti In order to execute the

measurement-update in the micro-EKF, we need acre&lis-time cell dynamic
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model” that relates the SOC to the cell voltage. Heeeemploy the enhanced self-
correcting (ESC) model which considers the effeétspen circuit voltage (OCV),
internal resistance, voltage time constants antelgsis [75]. The effects of voltage

time constants and hysteresis in the ESC modebeaxpressed as [75]

f i _ diag( ) 0 o, . 1 0 i
N 0 h / (ik,l+1) h, 0 1-/ (ik,l+1) M(X7 X) ’ (5.48)
1. N, 8§ T
deoe 2
K

wherex is the SOCf{ the filter stateh the hysteresis voltage, the vector of filter
pole locations, the hysteresis rate constamtthe current,M(-, ) maximum
hysteresis, ; the coulombic efficiencyT the length of measurement interv@l the
nominal capacity. The coulombic efficiency of atbat cell is defined as the ratio of
the amount of charge that is stored in the celinducharging compared to the
amount that can be extracted from the cell durirsghdirging. We then obtain the
state transition and measurement equations as

AT ¥,

X = F (X kG = % - C. (5.49)

Yo = G( X ks Ck) = OCV( 4) - X RERL, S S

where OCV is the open circuit voltagg,the predicted cell terminal voltage,the
cell resistance$ a vector of constants that blend the time constates together in

the output.

Multiscale Estimation of SOC and Capacity

We then begin to introduce the multiscale framewarth EKF for the Li-ion

battery system by drawing a flowchart in Figure&-vhereT is a fixed time step
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between two adjacent measurement poiigs the SOC estimate at the time= txo
+I|.T.,forl | L (kandl are the indices of macro and micro time-scales,
respectively),y and i are the cell voltage measurement and the celleatrr
measurement (equivalent toused before), respectively, afdis the cell capacity

estimate (equivalent toused before).

X1 \o
17| Time update EKFy |_| Measurement %I | Macroscale: ||*!
3] r=Reat i TaalGa update EKFy |=L? (SOC)
yk,u—/[\ i — Yes X« Micro EKF
[ C¢ iaction | XL~ c, Macro EKF
Cis* || Time update EKFc | = State projection | “kt_] Measurement | “. (Capacity)
= G’ EKFc update EKF¢

Figure 5-18 Flowchart of a multiscale framework with EKF fortteay SOC and
capacity estimation

The framework consists of two EKFs running in piatathe top one (micro EKF)
adapting the SOC in the micro time-scale and tht&oboone (macro EKF) adapting
the capacity in the macro time-scale. The micro E€Rds the SOC estimate to the
macro EKF and receives the capacity estimate flmmtacro EKF. In what follows,
we intend to elaborate on the macro EKF, the kehrteal component of the
multiscale framework, which consists of the follogi recursively executed

procedures (see Figure 5-19):

Step 1At the macro time stef, the capacity transition step, also referred tahas
time-update step, computes the expected capacdyitanvariance based on the

updated estimates at the time stépl, expressed as

C.=C.. S,=5_+S. (5.50)
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For a stable system, the capacity variance tﬁgm tends to decrease over time with

the measurement-update (&dep 3in Figure 5-19). However, the process ndesen

S, ,always increases the uncertainty of the capaciiynate. To clearly illustrate the

proposed idea, we intend to classify the capaatymates into three cases (see Figure
5-19): a larger estimat€,™, an accurate estima@n®™, and a smaller estimate

Cror®.

Step 2Based on the capacity estimalg, the state projection scheme projects the
SOC through the macro time step, expressed astea @tgjection equation derived

from Egs. (5.39) and (5.49)

AXT -1
X

I - 551
Cl; -0 k,j ( )

Xt = %o T

As can be seen in Figure 5-19, the projected SQ@ibie large deviations from their
true values (obtained from the micro EKF), whiclygests a magnified effect of the

capacity on the SOC.

Step 3Following the state projection step, the differebeéween the projected SOC
and the estimated SOC by the micro EKF is usedptiaie the capacity estimate,
known as the measurement-update. It is noted lleatteasurement-update requires
accurate SOC estimates which can be obtained fremnticro EKF. The updated
capacity estimate equals the predicted capaciiynatd in Step 1plus a correction

factor, expressed as

Cr=C +KS X=X, . S =(1- KSCH)s .. (5.52)
where the Kalman gail,© and the total derivativ€," can be estimated using Egs.

(5.40) and (5.45), respectively.
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Figure 5-19 Procedures of capacity estimation in macro EKF

Remarks on Mutiscale Framework

We note that the proposed framework decouples @@ &nd capacity estimation
in terms of both the measurement and time-scal®, avi aim to avoid the concurrent
SOC and capacity estimation relying on the only sneament (cell terminal voltage)
in the dual EKF [76]. In fact, the very motivatiof this work lies in the fact that the
coupled estimation in the dual EKF falls shorthe tvay of achieving stable capacity
estimation, precisely because it is difficult testthguish the effects of two states
(SOC and capacity) on the only measurement (ceflitel voltage), especially in the
case of the micro time-scale where the capacity bas a very small influence on the
SOC. Regarding the measurement decoupling, thesoaik framework uses the cell
terminal voltage exclusively as the measuremenadapt the SOC (micro EKF)
which in turn serves as the measurement to adaptctpacity (macro EKF).
Regarding the time-scale decoupling, the stateeption using the coulomb counting
in Eg. (5.51) significantly magnifies the effect thie capacity on the SOC, i.e., that
the capacity affects the SOC projected on the maare-scale I(-T) more

significantly than that projected on the micro tiswale T). The larger influence of
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the capacity on the SOC leads to the possibilitynofe stable capacity estimation,
and that is precisely the main technical charastierthat distinguishes our approach

from the dual EKF.

5.3.5 Experimental Results

The verification of the proposed multiscale framewavas accomplished by
conducting an extensive urban dynamometer driveedide (UDDS) test. This

section reports the UDDS test results of five la-rismatic cells.

Description of Test Procedure

In addition to the numerical study using synthetata, we also conducted the
UDDS cycle test to verify the effectiveness of thaltiscale framework. The cells
used in the test are Li-ion prismatic cells withaminal capacity of 1.5Ah. Since the
cell cannot withstand the high current pulse oppécal HEV cell, the UDDS profile
was scaled down to within the rate range of +2Ce Bhaled UDDS cycle was
replicated two times to obtain the final UDDS cydiged in this test (see Figure 5-
20a). It is noted that, in a battery system, werofise C or C-rate to measure the rate
at which a cell is charged or discharged relativetg full capacity. For the Li-ion
prismatic cell with the capacity of 1.5Ah, a disg& current with a 1C rate (1.5A)
will discharge the full cell capacity in 1 hour. tee2C or a 2C rate (3.0A) defines the
upper and lower bounds (+3.0A) of the scaled UDESilp (see Figure 5-20a). The
cycle test is composed of 12 UDDS cycles, separdétedlC constant current
discharge for 6min and 30min rest. This test peofésulted in the spread of SOC
over the 100%-4% range. The SOC profile for 12 UDOiy8es is plotted in Figure 5-

20b, where the cell experiences an SOC increasabbyt 3% during each UDDS
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cycle, and an SOC decrease by about 10% due tbGh#ischarge between cycles.
The discharge setting (1C for 6min) was designedrder to excite the entire SOC
range (100%-4%) for the UDDS cycle test as welloagractice the UDDS cycle test

at many different SOC levels separated by a snagll(gbout 7%).

_L_LB% increase

T 71
10% decrease

(@) (b)

Figure 5-20 SOC profile and one cycle rate profile for UDDS leytest.
Figure (a) plots the rate profile for one UDDS eyahd (b) plots the SOC
profile for 12 UDDS cycles.

We set up a UDDS test system (see Figure 5-21)hwmbienprises of an Arbin
BT2000 cycle tester with a data acquisition devime,Espec SH-241 temperature
chamber at Z& and a test jig as a connector holder for pristretlls. Five prismatic
cells were placed in the temperature chamber altbyethe test jig throughout the

test.

|

Figure 5-21 Experiment setup — UDDS test system.
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Training of ESC Cell Model

The current and voltage measurements of one aall 1§ were used to train the
ESC model [75] while the other four cells (cell&Rwere treated as the testing cells.
We followed the procedures described in [146] téawbthe open circuit voltage
(OCV) curve. Through numerical optimization, optirmuESC model parameters
were obtained which minimize the root mean squaiRMS) error of the cell
terminal voltage. The numerical optimization wasf@ened using with a sequential
quadratic programming (SQP) method. In this studge employed a nominal
capacity of 1.5Ah, a measurement interval Tof 1s with 7" indicating small
measurement-to-measurement fluctuation, and fdter fstatesny = 4. The voltage
modeling results for one UDDS cycle are shown iguFé 5-22a, where a good
agreement can be observed between the modeled eaglired cell terminal voltage.

The RMS error of voltage modeling for 12 UDDS cyoleas 13.3mV.

SOC and Capacity Estimation Results

The SOC estimation results for the training cetl & 12 UDDS cycles, the'
UDDS cycle and the®7UDDS cycle are shown in Figure 5-22b, Figure 5-a#d
Figure 5-22d, respectively, where the initial S@G&et to be smaller (90%) than the
true SOC (100%) and the multiscale framewdrk=(1200) still produced converged
SOC estimate. Table 5-13 summarizes the SOC estimatrors under four different
settings of the initial SOC and capacity. Here,RMS and maximum errors take into

account the initial offset in the case of an ineotiinitial SOC and are formulated as

eRMs:\/%nk _ ()A(kl' XKI)Z' Evax=— Tja)b('ﬁ_ Xk‘ (5.53)
J ’
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wherenmis the number of measurements and reads 74,484t(AR50mins) in this
study; andx is the true SOC at the tintg. In this study, we computed the true
SOCs based on the coulomb counting technique. Y¥¥mpted to achieve an accurate
approximation to the true SOCs through the follaywvays: (i) we first fully charge a
battery cell with a constant-current (0.1A constantrent up to 4.2V) constant-
voltage (4.2V constant voltage down to 0.01A) siygtto ensure an accurate initial
SOC (100%); (i) we measure the cell current witk Arbin current sensors whose
high measurement accuracy leads to a sufficienthalls error in the current

accumulation over a relatively short test duratmmound 20hours).

(@) (b)

() (d)

Figure 5-22 Voltage modeling results and SOC estimation resaft¥/ DDS
cycle test. Figure (a) plots modeled and measwtderminal voltage for one
UDDS cycle; (b), (c) and (d) plot the estimated &me SOCs for all 12
UDDS cycles, the"3UDDS cycle and the™UDDS cycle, respectively.
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Table 5-13 SOC estimation results under different settingsivial SOC and
capacity

Initial SOC Initial capacity SOC errors Cell1 Cell2 Cell3 Cell4 Cell 5
Correct RMS (%) 1.02 134 081 105 0.75

(1.5Ah) Max (%) 219 237 182 279 191
Correct
(100%)
incorrect  RMS (%) 1.31 159 1.10 1.39 1.14
(1.0Ah) Max (%) 484 484 4.84 485 484
Correct RMS (%) 1.91 2.07 1.84 203 1.8
(1.5Ah) Max (%)  10.00 10.00 10.00 10.00 10.00
Incorrect
(90%)

incorrect  RMS (%) 265 277 259 276 258
(1.0Ah) Max (%)  14.74 14.75 14.74 14.76 14.75

Three important observations can be made from éselts. First of all, it is
observed that the RMS SOC estimation errors pratlbgethe multiscale framework
are less than 3.00%, regardless of initial valueth® SOC and capacity. Secondly,
under both initial SOC settings, the SOC estimatsorors with incorrect initial
capacity (1.0Ah) are consistently larger than thegth correct initial capacity
(1.5Ahs). These results suggest that the SOC angly dependant on the capacity
and that the lack of accuracy in the capacity estitn may reduce the accuracy in
the SOC estimation. It is thus important to prodaceurate capacity estimation not
only to provide insights into the cell SOH but atecenable accurate SOC estimation.
Thirdly, under both initial capacity settings, t8®C estimation with incorrect initial
SOC (90%) consistently shows larger errors thahwiith correct initial SOC (100%).

Clearly, the larger SOC errors under incorreciahttOC (90%) can be attributed to
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the larger errors before the convergence of SO@ason (at the initial stage). After
the convergence, the SOC errors under differeniainfOCs become almost the
same We note that the RMS SOC estimation errors witloirect initial SOC (90%)
are still less than 3.00% since the multiscale &éark produced converged SOC
estimate for both cases.

Regarding the capacity estimation, both methodhk witial values smaller than
the true value (see Figure 5-23a and Figure 5-28d)larger than the real value (see
Figure 5-23b and Figure 5-23d) for all the fivelg@chieves convergence to the true
capacity within an error range of around 5%. Comagavith the capacity estimation
(see Figure 5-23a and Figure 5-23b) by the muleséeamework, the capacity
estimation (see Figure 5-23c and Figure 5-23dhbkydual EKF contains larger noise.
The poorer accuracy produced by the dual EKF (stingi of an SOC EKF and a
capacity EKF) can be attributed to the measureraadttime-scale coupling in the
SOC and capacity estimation. Regarding the measnecooupling, the dual EKF
uses the cell terminal voltage as the measurermeadapt both the SOC and capacity.
When the voltage modeling contains relatively laegeors, the capacity estimation
can be largely compromised by the measurement egolathe capacity EKF) which
only aims at minimizing the difference between thedeled and measured voltages.
In other words, the measurement update may givie@nrect capacity estimate to
counteract the voltage modeling error. In this expental study, the relatively large
voltage modeling errors directly affect the accyracthe capacity estimation by the
dual EKF. Regarding the time-scale coupling, thel &KF estimates both the SOC

and capacity on the micro time-scale, which makescapacity estimation vulnerable
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to the local voltage modeling error (on the michme-scale). This vulnerability
further leads to noisy capacity estimation. In casit the multiscale framework
decouples the SOC and capacity estimation in terfrisoth the measurement and
time-scale and avoids the concurrent SOC and dgpastimation relying on the only
measurement (cell terminal voltage). The decouplemables accurate capacity

estimation in spite of SOC estimation error.

(@) (b)

() (d)

Figure 5-23 Capacity estimation results for UDDS cycle tesgiufes (a) and (b)

plot capacity estimation results by the multisdedenework with the initial values

smaller than and larger than the true value, res@dy; (c) and (d) plots capacity

estimation results by the dual EKF with the initralues smaller than and larger
than the true value, respectively.

To quantify the accuracy of both methods, we comgatverage RMS errors after
convergence (at = 200mins and 1000mins for smaller and largeriailsit

respectively). For the smaller initial, the aver&®S errors produced by the dual
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EKF and the multiscale framework are 0.108Ah (reéaerror 7.227%) and 0.063Ah
(relative error 4.200%), respectively. For the &ranitial, the errors are 0.049Ah
(relative error 3.233%) and 0.023Ah (relative ertd533%). Finally, we note that,
since the 12 UDDS cycle test on one cell can ledteas one unique cycle test, we
do not expect large deviation from the current lissipased on the small difference
between capacity estimation results on differefis aa Figure 5-23) if we conduct
another 12 UDDS cycle test.

To investigate the long-term behavior of capac#tineation after convergence,
we set the initial capacity value as the real valod executed the two methods over
the 12 UDDS cycles for all the five cells. It isted that this is virtually equivalent to
adding another 12 UDDS cycles (after convergenceapiacity estimates) for the
cases of smaller and larger initial capacities (Begire 5-23). As can be seen in
Figure 5-24a and Figure 5-24b, both methods praticepacity estimates around the
real value. Again, the capacity estimation (seeuidg5-24a) by the multiscale
framework contains smaller noise than that (seergi¢p-24b) by the dual EKF. To
qguantify the accuracy of both methods, we compategstage RMS errors over the
entire time domain. The errors of the dual EKF #mel multiscale framework read
0.099Ah (relative error 6.573%) and 0.059Ah (relaterror 3.931%), respectively.

In addition to the accuracy comparison, we also gamed the two methods in
terms of computational efficiency. To minimize tledfect of randomness, we
executed both methods ten times with the test datained from each of the five
cells. The mean computational time is summarizedlable 5-14, where we observe

that the multiscale framework consumed less contipat time than the dual EKF.
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() (b)

Figure 5-24 Capacity estimation results after convergence @byng initial
capacity as real value). Figures (a) and (b) ppiacity estimation results by the
multiscale framework and by the dual EKF, respetyiv

Table 5-14 Comparison results of computation efficiency witbDS test data

Method Computational time (S) Improvement (%)
Dual EKF 5.813
Mutiscale Framework with EKF 3.711 36.163

5.3.6 Conclusion

The multiscale framework with EKF is proposed irstbhapter for efficient and
accurate state and parameter estimation for engidesystems that exhibit time-scale
separation. The proposed framework was appliechéoLi-ion battery system for
SOC and capacity estimation. When applied to th#ehyasystem, the multiscale
framework can be treated as a hybrid of coulombnting and adaptive filtering
techniques. Our contribution to battery SOC andacayp estimation lies in the
construction of a multiscale computational scheinat tdecouples the SOC and
capacity estimation from two perspectives, named/ measurement and time-scale.
The resulting decoupled estimation greatly redubescomputational time involved

in obtaining the SOC and capacity estimates, whilbancing the accuracy in the
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capacity estimation. It is noted that the higheficeincy makes the proposed
methodology more suitable for onboard estimationviaks that require

computationally efficient estimation techniquespEstiments with the synthetic data
and UDDS cycle test verify that the proposed framd&vachieves more accurate and
efficient capacity estimation than the dual EKFggesting that the proposed

framework is a promising methodology for the bati@rognostics.
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Chapter 6: System Resilience Analysis and Design

This chapter is dedicated to integrating system RBIDd PHM introduced in the
previous chapters with an aim to develop a themakbasis and design framework of
engineering resilience in a mathematical and sizdis context. A conceptual
definition of a resilient engineered system is tiyrsinstituted by introducing
engineering resilience into a conventional engiegesystem, followed by the
development of a mathematical definition of engrimeg resilience with a generic
formula in terms of reliability and restoration. &mathematical definition of
engineering resilience gives rise to a resiliendeed system design framework
composed of three hierarchical design tasks, nathelyesilience allocation problem
(RAP) as a top-level design problem, and the sy®&DO and PHM design as two
bottom-level design problems. The proposal desigméwork is demonstrated with a

simplified aircraft control actuator design problem

6.1 Definition of Resilient Engineered Systems

Conventionally, an engineered system is composeldaadware, software, and
human elements in a physical domain, which interdubugh a functional
decomposition in a functional domain. This convemil system could fail
catastrophically in the presence of adverse ev@nts, extreme weather, hardware
fault, human error) because the system can neidspond nor adapt to the adverse
events. There is thus a desperate need to buildlenésengineered systems by
introducing a pioneering feature, engineering i@sde, into conventional engineered

systems (see Figure 6-1).
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Figure 6-1 Resilience practice in a resilient engineered syste

We then investigate a conceptual definition of anpkex engineered system
having engineering resilience, characterized witke key functions including:

Sensing functianit senses the effect of adverse events on engidegystems.
The sensing function can be realized by employm@gtimally designed sensor
network.

Reasoning (diagnostics and prediction) functidh extracts system health-
relevant information in real-time with feature edtion techniques, classifies
system health condition with health classificati@echniques, and predicts the
time remaining before an engineered system no lopgeforms the required
function(s) or the remaining useful life (RUL) ireal-time with advanced

machine learning techniques. The system health itondand RUL provide

193



valuable information for field engineers to makeamtive mitigation/replacement
(M/R) actions to prevent catastrophic system failur

Mitigation or recovery (M/R) action proces$his process enables engineered
systems to respond to and quickly recover fromstaiphic system failures. It
employs two types of actions, namely, mitigatiord aacovery. In general, the
mitigation can be categorized as an M/R actionaf@hort-term resilience while

the replacement contributes to a long-term resiben

In what follows, the focus is to seek for a mathecadly definition of engineering
resilience, which then gives rise to a design fraor& of engineering resilience,

namely resilience-driven system design.

6.2 Definition of Engineering Resilience

This section aims at proposing a conceptual desmibf engineering resilience,
which will facilitate the derivation of its generformula in terms of reliability and
other key PHM attributes. Non-resilient system gdesi encounter gradual
degradation of system capacity and performanceaaeverse events (see Figure 6-
2a). In contrast, resilient system designs willdide to recover from their critical
health states by restoring the system capacity fsgp&re 6-2b). PHM will support
logical decisions about when and how to restoresgstem capacity. The capacity
restoration £) can be defined as the degree of reliability recgvit can be found
that the restoration is a joint probability of as®m failure event g, a correct
diagnosis event (g, a correct prognosis eventcgg and an M/R action success

event (E,), expressed as
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r(RLpL ok )=P(E,E,E,)
=Pr(E, |E, B4 E)xP{ E, IE, E) xRr E 1§ x{r g (6.1)
=kxL, xl, {4 R)
where &, Lp and Lp are the conditional probabilities of the M/R antisuccess,
correct prognosis and diagnosis, andRJLis the probability of system failure. In this
study, the value ok is held constant here by assuming that M/R maartea actions
are consistently performed. However, there is rgiricgion on the form ofk. In
particular,k can be a nonlinear function of the system religbi, indicating that the
performance of an M/R action is affected by theltheeondition of the engineered
system. Since bothp and L, measure the efficiency for PHM (diagnostics and

prognostics), we combine these terms as a PHM&ffiy measure ak: = Lp-Lp.

8G(t) PDF ofG(t) e Safe system population g GO pDF of G(t) C Resilience practice

S e Failed system population &

£ E

(@] @]

= =

8GL ____ 4 ___ T __ 86 S

5 5

§ System failure G(t)<G § o Recovered system

n Safety limit: G R n Resilience: .

Life, t [cycles] Life, t [cycles]

(@) (b)

Figure 6-2 System performance changes over lifetime withouaia with the
resilience practice (b).

The conceptual definition of engineering resiliensethe degree of a passive
survival rate (or reliability) plus a proactive siwal rate (or restoration).
Mathematically, the resilience measure can be ddfias the addition of reliability

and restoration as (see Figure 6-2b)
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ResiliencdY ) =ReliabilitfR)+ Restoratidm )
(6.2)
®Y =R r(RL L k)

It is noted that the above definition turns engrireg resilience to a quantifiable
property, making it possible to analyze the resde potential of an engineered
system. In what follows, we intend to further eletie on the two hallmarks of
engineering resilience: reliability and restoration
Reliability: Reliability quantifies the ability of an enginedrsystem to maintain
its capacity and performance above a safety limrtng) a given period of time
under stated conditions. Accordingly, resilienceharacterized by preserving an
acceptable level of capacity and performance deggiverse events. We note that
reliability should be treated as an important systdaracteristic that contributes
to engineering resilience from the perspective gétem self-preservation.
Conventional reliability-based design optimizat{®BDO) practice endeavors to
pursue high reliability with low cost through casinimization under stringent
reliability constraints [101-104].
Restoration Restoration measures the ability of an enginesystem to restoring
its capacity and performance by detecting, praaiicind mitigating or recovering
from the system-wide effects of adverse eventscaih be viewed as the
adaptability of an engineered system to its chapgierformance and capacity
due to adverse events. This adaptability enablesdaptive reliability throughout
the system’s lifetime.
From the perspective of conventional reliabilitygereering, the failure of an

engineered system typically refers to a breakdowmalfunctioning of the system
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and/or its components. This view assumes that sacog failure is only an
observable consequence that does not necessdlglst the system’s characteristic of
adaptation. From the perspective of engineeringj@ase, however, success is due to
the ability of an engineering system to make rgtjustments in a timely manner, in
particular to anticipate failures before they occtailure is due to the absence of that
ability — either temporarily when the system pemfiance falls below the safety limit
or permanently. Reliability and restoration worksai highly cooperative manner to
build the system’s resilience. System design mustompass enhancing this
cooperative strength, rather than just reducingpifudoabilities of failures. For this
purpose, one should be able to enhance the réalihd restoration (or PHM
efficiency levels) for given engineered system giesi This necessitates the
developments of system RBDO (including reliabilitgnalysis) and PHM
methodologies which have been discussed in dataite previous chapters. The
framework of system design integrating system RBRM PHM will be discussed

in details in the next section.

6.3 Framework of Resilience-Driven System DesigD%®)

We begin with an overview of the resilience-drivepstem design (RDSD)
framework. This framework is composed of three dnehnical design tasks (see
Figure 6-3), namely the resilience allocation peobl(RAP) as a top-level design
problem to define a resilience measure as a fumctioeliability and PHM efficiency
in an engineering context, the system RBDO as @ivelevel design problem for the
detailed design of components, the system PHM deagya bottom-level design

problem for the detailed design of PHM units.
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Minimize system LCC
Allocate reliability, PHM efficiency, redundancy

Resilience Allocation Problem
(Top Level)

b
System PoF
System RBDO System PHM Design
[ (Bottom Level) | ( ’ ‘ (Bottom Level) ]
System Reliability Analysis Sensor Network Design
Component RBDO

Prognostic Algorithm Design
Figure 6-3 A hierarchical resilience-driven system design fearark.

It is noted that, since optimal design of PHM uxiépends on failure mechanisms
and layouts of components, PHM units must be desigmpon the completion of
component design. Therefore, we should first stiheesystem RBDO to determine
an optimal component design while ensuring thenogity allocated reliability of the
component and then conduct the system PHM desigietermine an optimal PHM
unit design for the optimal component design whileeting the optimally allocated
PHM efficiency. It is natural that with reliabilitand PHM efficiency being the
focuses of the system RBDO and system PHM deseagpectively, one should be
able to predict the reliability and PHM efficientgvels for given components and
PHM unit designs. This necessitates the develomnainsystem reliability analysis

and PHM analysis for these two bottom-level degigrblems which then completes

the framework.
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6.4 Aircraft Control Actuator Case Study

This section presents a case study for the dedignsimplified aircraft control
actuator. The aircraft control actuator considerethe electro-hydrostatic actuator
(EHA). In this case study, we aim at demonstratthg RDSD framework by
designing a highly resilient EHA with optimized iedility, PHM efficiency and
redundancy. Hypothetical data will be used for desti@tion purposes.

The EHA (see Figure 6-4), as a closed-loop, hydtmstontrol system, mainly
consists of an electronic control unit (ECU), aiakble-speed electric motor (EM), a
fixed-displacement hydraulic pump and a hydraulistgn actuator [148]. In the
EHA, a variable-speed electric motor (typically D) used to drive a fixed-
displacement hydraulic pump, which in turn, powardydraulic piston actuator.
Compared to a conventional hydraulic actuator,BERA can achieve higher energy
efficiency (with on-demand usage) and positionalcuaacy with enhanced
compactness. These advantages have led to theusedef the EHA for flight surface
actuation in today’s commercial and military aiftsaFailures of the EHAs in these
safety critical applications can be catastroph&sulting in great loss of lives.
Therefore, the EHA must be designed to achieveffecigmtly high reliability level.
To this end, a common practice is to introduce eagdeal of redundancy into the
EHA (e.g., a triplex-redundant flight control syst¢149]). While a high redundancy
level improves reliability, it results in a strilgly high life-cycle cost (LCC) to be
incurred in development, operation, and maintengmoeesses. To reduce the LCC
while still maintaining an equivalent reliabilitgvel, we apply the proposed RDSD

framework to the EHA with an aim to compensaterdgdundancy reduction with the
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PHM technology. It is worth noting that the RDSRrfrework leads to the possibility

to implement this compensation in an optimum manner

1
Electro- !
Hydrostatic I
Actuator (EHA) < ; ®
I
I

- %\ i E: EIectro-controIi
‘ » » » ﬁ EM: Electro-motor E

i P Pump H

i H: Hydraulic- E

' actuator !

3 @I B I
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Figure 6-4 An airplane control actuator with series-connecigisystems

6.4.1 Top-Level Resilience Allocation Problem (RAP)

This subsection aims at demonstrating the top-IBvd@P in the RDSD framework

by allocating a target system resilience into thegdt component-reliabilities,

component-PHM efficiencies and component-redundsnai the four subsystems.

RAP Formulation

Solving the top-level RAP will allocate a targets®m resilience level into the

target resilience levels of the four subsystemsuAsptions under which this design

problem is solved are listed as follows:

(1)

(2)

3)

The failure times all components considered indgkample are exponentially
distributed, leading to constant failure rates.

PHM will detect critical system health states ameldct system RUL through
health diagnostics and prognostics

The redundancy level of each subsystem should bengre than nine due to

subsystem weight and volume constraints.
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(4) All the components and PHM units fail independenfiy observed failure is
due to the loss of resilience, i.e., the failurésboth a component and its

associated PHM unit.

The top-level RAP can be formulated as follows:
find r'=(5rirdri), C=(/1 %ALY m=m.m,m,m)
to minimize LCC(¢', ' m) (6.3)

subject toY = () 1(ar)"(-171)%y ‘@ £ 1£1 £ 9

j=1
whereLCC s the system life-cycle cost (LCCY, andY ' are system resilience and its
target value, the lower and upper bounds for argetacomponent-reliability or target
component-PHM efficiency are 0 and 1, respectivahg the lower and upper bounds

for any target component-redundancy are 1 andspgewtively.

Life-Cycle Cost (LCC) Analysis with PHM

In this study, we derive a LCC model by modifyingdaadding PHM relevant
cost elements to an existing LCC model for detating structural systemd.50.
The LCC modetonsists of four cost elements: the expected indgaelopment cost
of components, the expected cost of preventive t@aamce, the expected cost of
corrective maintenance, and the expected developooshof PHM.Given the target
component-reliability vector', the target component-PHM efficiency vettdr and
the target component- redundancy veapthis LCC model can be expressed as

LCC(rm, )=C' +C" +C" +C™ (6.4)

whereC' denotes the initial development cost of compone@td' denotes the cost of

preventive maintenanc&°C denotes the cost of corrective maintenance, GHtY
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denotes the cost of PHM units. In the following sedtions, the four cost elements

will be discussed in details.

System Development Cost C

In the binary-state reliability-redundancy allocatiproblem, it is often assumed
that there is an inverse power relationship betwsmmponent cost and component
failure rate [151,152]. Under the assumption ofoastant failure rate, the initial
development cost of th& subsystem withmy parallel components can be expressed

as [151,152]

c T

" on(r)

wherec,-'(r,-t) Is the cost function of a component in Iﬁesubsystemcj'(rjt) m is the

(6.5)

J J

C!:c}(r‘)xr’q %xp% , whereq(rj‘) =

cost of components in tH& subsystem, an additional ccc:#(r,-t) exp(m/4) accounts
for the cost for interconnecting parallel composehtis the required system mission
time, ,-C and ,-C denote constants representing the physical cleistots of each
component in th¢" subsystem and can be determined based on thetedlldata of
component cost and reliability. Therefore, the aystinitial development cost can

computed as

m.
x m +exp —- (6.6)
Preventive Maintenance Cost'€

That preventive maintenance occurs if PHM succégsfietects critical system

health states and accurately predicts the systein R&/a function of the component
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reliability, subsystem redundancy and PHM efficignthe preventive maintenance

cost can be expressed as
c™= m/(1- ¢)Cc (6.7)

where C,-P'V' denote the preventive maintenance cost of eactpaoemt in thej™
subsystem. The assumption here is that a preventaiatenance occurs when any
component approaches its end of life predicted iy PHM and that all the

components and PHM systems fail independently.

Corrective Maintenance Costt

The corrective maintenance occurs if PHM fails étedting critical system health
states and making an accurate prediction of theesy®RUL. As a function of the
component reliability, subsystem redundancy and Peffitiency, the corrective

maintenance cost can be expressed as

CM N t t CM
c= mt-7)(x r)C (6.8)
]:
where C,-C'V' denote the corrective maintenance cost of eachponent in thej™
subsystem. The assumption here is that a correnota@tenance occurs upon the

failure of any component and that all the composieatd PHM systems falil

independently.

PHM Unit Cost ¢
The PHM unit cost is specifically the costs assedavith developing PHM units
to be integrated with components. In this studg,RHM unit cost will be formulated

as a parametric model with the subsystem redundamy component PHM

203



efficiency as inputs. Inspired by the componenttchsction for reliability-

redundancy allocation, shown in (3), we defineRkM unit cost as
erM

CPM = gPHM xm 6.9
S ey °

"M and ;"™ denote constants representing the physical cleaistits of

where 7

each PHM unit in th¢" subsystem. Prior to solving the optimization pesblin Eq.
(6.3), these constants can be determined basduearoliected data of the PHM unit
cost and efficiency. It is noted that, in genetiagre is no interconnections between
parallel PHM units. Therefore, unlike the componeast, the additional cost for
interconnecting parallel elements is not consideneéde PHM unit cost.

The parameters for the cost models are listed bielé-1 and the system mission
time T = 1000. The RAP problem is a mixed-integer noedin programming
problem. To determine an optimum solution of theFRgroblem, we employed a

genetic algorithm of which the details will be prated in the subsequent subsection.

Table 6-1 Model parameters for the EHA case study

Subsystem jC (xlo—S) jC CjPM CjCM jPHM(xlO—G) J_PHM

1 0.5 15 2.5 7.5 3.3 15
1 0.8 15 5.0 15.0 5.3 15
2 1.0 15 6.5 19.5 6.7 15
3 0.7 15 12.5 37.5 4.7 15

Genetic Algorithm as the Optimization Solution Madh

This problem is a mixed-integer nonlinear programgm{MINLP) problem. As
far as we know, the most widely used algorithmdlves this type of problem is the

so-called genetic algorithm (GA) [153] due to th@ldwing advantages: (i) the
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encoding scheme (binary or decimal encoding) inGiAeleads to the flexibility to
represent both continuous and discrete designhblagaand (ii) the search in the
solution space for optimal solutions can be veficient due to the use of fithess
evaluation and genetic operator functions. We tiode the RAP in Eq. (6.3) can be
readily solved using the GA with almost negligildemputational effort since the
system LCC and resilience are computed througlevhtiation of analytic functions.
In the GA, each candidate solution is called a clusome and a set of candidate
solutions is called a population. The GA for sotyithe RAP in this case study
employed the decimal encoding. The solution proeeslare presented as follows

[153]:

Step 1 (Initializatiorn) Set the population size and maximum number obti@ns as
500 and 100, respectively. Since one decimal deptesents one design variable in
the RAP shown in Eq. (6.3), the lendthof a chromosome readk:= 3N. Set the
upper and lower bounds for both component-religband component efficiency to 0
and 1, respectively. Set the upper and lower bodmdsomponent-redundancy to 1
and 9, assuming the redundancy level should ntadaigh. Set the generation index

ky = 1 and randomly generate an initial populatig¢h).

Step 2 (Evaluation)Evaluate the fitness functioitn for each chromosome in the
current population (ky). The fitness function is a composite of both digective
value (i.e., system LCC) and the penalty arisirgnfrthe violation of the constraint

(i.e., system resilience). Mathematically, thedga functiorftn can be expressed as

LCC(r', ',m), if Y3Y !
inf, otherwise

fin= (6.10)
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Step 3 (Parent Selectiarelect chromosomes from the current populatisetan
their fitness values to form a new generatlofik; + 1). Here the roulette-wheel
selection scheme is used. These chromosomes &ed pakent and will be used in

the next step to generate new chromosomes in thgeareration.

Step 4 (Crossover & Mutation)mplement the two-point crossover operator with a
crossover rate of 0.85 and the uniform mutatiorratee with a mutation rate of 0.10

to generate new chromosomes in the new population.

Step 5 (Termination ChecHKf the generation indeky exceeds the maximal number
of iterations, terminate the iteration and repbd solution. Otherwise, increase the

generation indexkg =ky + 1, and go back to Step 2.

Results and Discussion

We would like to investigate scenarios with differdarget system resilience
levels. First let us look at the scenario in whikh target system resiliend® is set
as 0.90. The optimum solution is shown in Table. 8t2can be seen that the
incorporation of PHM by the proposed RDSD redubessystem redundancy fromn
=(3, 2, 3, 2) tan = (2, 2, 2, 1). As a consequence, the system L&Zedses from
73.6301 under the traditional design (without PHId)38.3416 under the RDSD
(with PHM). It is noted that, even though the téargemponent-reliabilities are
relatively low for both traditional design (below8800) and RDSD (below 0.7500),
the incorporation of redundant components (tradéialesign and RDSD) and PHM
(RDSD) still leads to high subsystem reliabilitiggove 0.90). Finally, the system
resilience levels under both optimum designs re@@0D, which just satisfies the

system resilience requirement.
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Table 6-2 Optimum results of traditional design and RDSD with= 0.90

Traditional design (without PHN RDSD (with PHM)
Subsystem— : : :
f m LCC Y i my j LCC Y
1 0.737: 3 0 73.6301 0.9000 0.6291 2 0.6721 38.34160.9000
2 0.808¢ 2 O 0.6412 2 0.6682
3 0.728° 3 O 0.6519 2 0.6732
4 0829 2 O 0.7363 1 0.7679

Raising the target system resilience to 0.95 aré®,0Orespectively, we then
obtained two sets of optimal designs, which aredisn Table 6-3 and Table 6-4,
respectively. We observe that, in order to meehdrigarget system resilience level,
more components are used with higher componerahibties and PHM efficiencies.
Compared with the traditional design, the RDSD si#lds optimum designs with
much lower LCCs by considering PHM in the early igesstage. The target
component-reliabilities and component-PHM efficiescallocated in this RAP can
serve as design specifications for bottom-levetesysRBDO and PHM design that

will be detailed in the subsequent subsections.

Table 6-3 Optimum results of traditional design and RDSD with= 0.95

Traditional design (without PHN RDSD (with PHM)
Subsystem— . . .
f m LCC Y L my j LCC Y
1 0.790: 3 0 82.2774 0.9500 0.6152 2 0.6448 45.93570.9500
2 0.773: 3 O 0.6437 2 0.6644
3 0.787.: 3 O 0.6486 2 0.6677
4 0.857¢ 2 O 0.7539 2 0.7423
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Table 6-4 Optimum results of traditional design and RDSD with= 0.99

Traditional design (without PHM RDSD (with PHM)
Subsystem— : : :
I’j n'; j LCC Y rj n’; j LCC Y
1 0.810: 4 O 111.601 0.9900 0.6488 3 0.677255.01990.9900
2 0.774 4 O 0.6483 3 0.7049
3 0.785( 4 O 0.6567 2 0.8014
4 0.841: 3 O 0.7720 2 0.7678

6.4.2 Bottom-Level System RBDO

This subsection aims at demonstrating the bottoratlsystem RBDO in the
RDSD framework. We intend to determine the optirdakign of the hydraulic
actuator satisfying the target reliability obtairfenin the RAP with the target system
resilienceY' being 0.99. The success event of the actuatoorisidered as a series

system success event consisting of four compongeess events.

Description of EHA Model

In order to investigate the performance of différactuator designs, we employed
an EHA model built in a 1D multi-domain simulatigatform LMS Imagine.Lab
AMESIm [154]. A simplified schematic of the EHA meldis shown in Figure 6-5,
where each submodel (e.g., motor, pump and acjuaocomposed of a set of
algebraic and differential equations accountingliimear and nonlinear effects such
as friction and leakage. Here, a variable-speedid®r drives a fixed-displacement
hydraulic pump, which supplies oil to the actuamproportional controller controls
the flow rate by varying the speed of the eleatniator. An accumulator is used to
prevent cavitation and compensate leakage lossreitbeding valves. The pressure

relief valves aim at preventing excessive presbuikl-up in the hydraulic lines. As
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the flow encounters the actuator, the fluid pressocreases. The pressure difference
between the two actuator chambers results in amathoh force and thus a linear
piston motion. A mechanical arm (not shown in Fegg&-5) then transforms the

piston motion to an equivalent aileron angle whéking into account the aileron

inertia.
Position feedback Position sensor
Actuator i Load
Speed feedback Accumulator
Position ° * o Pressure sensors
request Speed sensqr ~ Pressure

®>—>[ Controller ]—)(

Motor

- relief

valves

Figure 6-5 Schematic of an electro-hydrostatic actuator (Erayel

System RBDO Formulation

For the system RBDO, we used the weight of theadotuo build the objective
function and the control performance to formulatee treliability constraints.
Regarding the control performance, we intendedal® tinto account two aspects:
timeliness and robustness. We applied a step re@las) on the piston position at
the timet = 0.5s and a resistive torque (2008 at the timet = 1.0s to test the
control timeliness and robustness, respectivelg. dikton position response is shown
in Figure 6-6, where the reliability constraires and G, are treated as timeliness-
relevant constraints an®s; and G, robustness-relevant. Specifically, this system

RBDO problem can be formulated as follows:
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Minimize C(x)=w,(dj,l,) 1 -w)%,(d,1)
where  w= 0.098YV, =1,p(d, /¥ V, 4, p(d, /@
Subject tor™*= P{E ) = P(r " G(x)£ ))3 r

G = OZ‘Y(t)- Y. ( 1)‘ dt e (normal control error) (6.11)
G, =arg min{‘Y(t) - Yo (DE eml's} - t, (stabiliationtime)

0.5EtE£2
G, = 2TL‘Y(t) Y ( t)‘ dt e, (disturbed control error)
G, = EHLQ{‘Y(t) - Ya ( 1)} - 6,4 (disturbed steady-staeror
G,=h-d /d, (rod-to-piston diameter rafj

where the critical normal control erref. = 0.20cms, the stabilization error tolerance
tols = 0.03cm and is used to determine whether a stable statdaseat;ithe critical
stabilization timet.s = 0.90s, the critical perturbed control erggg = 0.05cms, the
steady-state error tolerance under a disturbagge= 0.04cm and the rod-to-piston
diameter ratio = 1/3. To avoid having a weak rod relative to a pistonaise add
the fifth constrainGs in Eq. (6.11) which ensures that the rod-to-piston ratio exaeed
certain level. The following two design variables are considered:ish@enpdiameter

dp, the rod diameted,. These design variables are assumed to follow normal
distributions with their standard deviations, initial valued Emwver and upper bounds
detailed in 0. Three model parameters (i.e., the leakage coeffigieiscous friction
coefficient and the stroke length) are considered as random noise variables with
their statistical information summarized in Table 6-6. In summéwg random

design and noise variables are considered in this study.
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Figure 6-6 Piston position response under a step request and
resistive torque

Table 6-5 Random design variables for the hydraulic actuator model

Design variable Distri Lower Initial des. Upper bound Std. dev.
type bound
dp (mm) Normal 55.0 62.0 75.0 3.5
d. (mm) Normal 10.0 22.0 30.0 1.0

Table 6-6 Random noise variables for the hydraulic actuator model

Random variable Distri. type Mean Std. dev.
(L/min/Bar) Normal 1.2E-3 6.0E-5
(N s/m) Normal 5.0E3 2.5E2

ls (mm) Normal 50.0 2.5

Results of System RBDO

The adaptive-sparse polynomial chaos expansion (PCE) methodmwith 1 (=
21) univariate samples was carried out to evaluate the objective funstistem
reliability and their sensitivities at any design iteration, with considering the

bivariate polynomial basis functions. The sensitivities of thieative function and
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system reliability with respect to the two design variable wengpebed using a finite
difference method (FDM). The perturbed values of the objective functiosyeteim
reliability were estimated based on approximate stochastic responaeesufPCE)
with perturbed design variables, without requiring gradientheforiginal weight or
displacement functions. A perturbation size of 0.1% is emplayéuis study.

The design optimization problem was solved using a gradieetdbgsimization
technique (e.g., sequential quadratic optimization). The histamiethe design
parameters, objective function, component reliabilities and sys&ability are
shown in Table 6-7. At the initial design, the system relighif’® severely violated
the reliability requirement due to the relatively low componenéabéitiesr; andr,.
After six design iterations, the optimum design was found evhbe system

reliability requirement was satisfied.

Table 6-7 Design history of the hydraulic actuator model

Design variables .

ter. r ro rs rs s rys Obj.
dp dy

62.000C22.000C 0.9985 0.9978 0.4955 0.5350 0.8053 0.3093 3.2015E4
65.847224.521€0.9819 0.9767 0.7695 0.8162 0.9522 0.7136 3.8062E4
66.747S24.7485 0.9694 0.9617 0.8309 0.8699 0.9471 0.7620 3.8916E4
66.984424.7694 0.9640 0.9551 0.8459 0.8826 0.9429 0.7698 3.9075E4
67.180724.69410.9586 0.9479 0.8607 0.8947 0.9314 0.7707 3.9044E4
67.184724.71770.9587 0.9479 0.8604 0.8944 0.9331 0.7717 3.9088E4
67.161724.726€ 0.9594 0.9488 0.8587 0.8929 0.9346 0.7720 3.9092E4

Opt 67.161724.726€ 0.9594 0.9488 0.8587 0.8929 0.9346 0.7720 3.9092E4

o o1~ W N - O

Overall, the adaptive-sparse PCE method required 126 simulatiorsydtem

RBDO. After the optimization, the direct MCS with 10,000 randsamples was
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employed to verify the reliability results at the optimum desifhe component

Sys

reliabilitiesry, ry, r3, r4 andrs and system reliability™” were estimated by the MCS

as 95.36%, 94.40%, 85.99%, 89.74%, 93.65% and 77.@&kyectively.

6.4.3 Bottom-Level System PHM Design

This subsection is dedicated to demonstrating the bottom-lggééns PHM
design in the RDSD framework. We intend to design a data-dnpregnostic
algorithm for the actuator leakage prognostics by identifyingntlest appropriate
algorithm from an algorithm pool. We assume that the PHM eanit successfully
identify the incipient leakage degradation of the actuator amorigugapossible
failure modesZ p = 1) and that, upon a correct prognosis event, the M/R maimten

actions can fully restore the reliability of the actuatoe(1).

Prognostic Data Generation

The failure mode considered in this study is the actuator dressebkage which
is relatively common in practice [155,156]. The wear of the pis®al causes an
increase of internal cross-port leakage and thus an increase in thesleak#icient
of the actuator. Thus, the cross line leakage was realized by incrélasitepkage
coefficient of the actuator. The end of life is defined as the timenwhe actuator
leakage reaches ten times its initial value. We note that, for dg¢raton purposes,
this study only considers a single failure mode, but the Sdeee can be readily
extended to cases with multiple failure modes.

Since it is very difficult, if not impossible, to obtain direoeasurements of the

leakage coefficients of actuators, indirect measurements are most oftertoused
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diagnose the health condition and predict the RULs of actuat&Ss,186]. In
particular, the stabilized piston displacement after disturbance (meabyred
position sensor) and the stabilized rotary speed of the moadtr aftter disturbance
(measured by a rotary speed sensor) could characterize the actuator leakage
degradation before any irreparable damage occurs [155]. Thus, thisstcalse
employs these two sensory signals of an EHA to predict thesRiflactuators. To
model the trajectory of increase in leakage over time, this stuey asdamage
propagation model with an exponential form as [129]
b(t)= b, +b. (exp(act) - 1 (6.12)
where g is the initial leakage coefficiendz andbg are the model parametetss the
cycle time. The initial Young’'s modulus, follows the same normal distribution with
(see Table 6-6). The model parametarsand bg are independent and normally
distributed with means 0.01 and 1.2E-3, each of which has ach@ficient of
variation. The random parameters considered in this study & ilisD and Table
6-6, which include the material properties as well the geometrie® @fctinator. The
uncertainties in the two sensory signals propagated from thesdaimgerameters
will be accounted for when generating prognostic data. The progndstia
generation was conducted under the optimal actuator design obtaitiezl hottom-
level system design (see Subsection 6.4.2).
Since data-driven prognostic approaches require a large amoumbgsfoptic
data, it is computationally expensive, if not impossiblesitoply run the simulation
to generate every data point. To overcome this difficulty, thidysemployed the

univariate decomposition method that only uses a certain numbenighriate
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sample points to construct the response surface for a generalamatévresponse
function while achieving good accuracy [157]. Since this serdployed two sensory
signals, namely the stabilized piston displacement after disturlaawicthe stabilized
rotary speed of the motor shaft after disturbance, the data generedioines the
construction of two responses surfaces. Specifically, the data genepatioess

involves four sequentially executed procedures:

Step 1Obtain univariate sample points from the dynamic simulationLihS

Imagine.Lab AMESIm to construct response surfaces, along thegdgmnepagation
path, that approximate the two sensory measurements as funcfiorsdom
variables detailed in 0 and Table 6-6. We used four univariate saiples for each
random variable. The piecewise linear spline was used as the nunseheate for

the response surface construction.

Step 2.Generate 400 random samples ¢f a¢ and b and use these samples in
conjunction with Eg. (6.12) to produce 400 damage propagpttrs, of which 200

paths were assigned to the training units and the rest to timg tesits.

Step 3interpolate, based on the constructed response surfaces, the twoy sens
measurements for a given set of randomly generated geometries and material
properties and damage propagation paths and repeatedly executedbss gor 400

times to obtain the training and testing data sets with eachdha00 units.

Step 4:Add measurement noise following a zero mean normal distribtdiboth the

training and testing data sets to finalize the data generation.
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The two simulated measurements are plotted against the adjuskednchex, defined
as the subtraction of the cycle-to-failure from the actual operatioold,dgr all 200

training units in Figure 6-7, where we can clearly observe monditetime trends.

(@) (b)

Figure 6-7 Simulated measurements by piston displacement sensor (a) and rotary
speed sensor (b) for the hydraulic actuator model

Description of Prognostic Algorithms

This subsection provides a brief overview of the five selected datandriv
prognostic algorithms: Method 1 - a similarity-based interpata{i®BIl) approach
with RVM as the regression technique (RVM-SBI) [53,126]) &8h SVM (SVM-
SBI) [53,127], SBI with the least-square exponential fittingkpgdSBI) [53], a
Bayesian linear regression with the least-square quadratic fitting {BILRy [55],
and a recurrent neural network (RNN) approach (RNN) [56,127]. A date$sing
scheme with a generic health index system is used for the firsalfparithms while a
data processing scheme with a simple normalization scheme for thedgasthm.
These five algorithms represent the current state-of-art in data-drivgngstecs and
cover a wide range of techniques that include the interpolation (Mkethe3),

extrapolation (Method 4) and machine learning (Method 5).
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For the construction of the virtual health index in Methods th& system failure
matrix Qowas created with the sensory data in a system failure conditiom, £ 4,
while the system healthy matr@y; with those in a system healthy conditiars 250.
The RVM employed a linear spline kernel function with the initradst probable
hyper-parameter vector for kernel weights= [1x1(f,..., 1x1d] and the initial most
probable noise variance? = 1x10% In the SVM, a Gaussian kernel function is used
with the parameter settings as: the regularizgtemameteC = 10 and the parameter
of the -insensitive loss function = 0.10. In the RNN training, the two normalized
sensory signals were used as the multi-dimensiapats of the RNN and the RUL at
the corresponding cycle was used as the output.impmentation details can be
found in [56]. In the RNN architecture, the numbefshe input, recurrent and output

units arel] = 2, Rl =4 andQ| = 1.

Results of System PHM Design

Table 6-8 summarizes the prognostic accuracy ofitieecandidate algorithms as
well as the detailed information regarding the emoai error PDFs. The lower bound
ec of the error tolerance zone was set as -35cydesong the five candidate
algorithms, RNN vyields the highest prognostic aacyrof 0.790 on the testing data
set, a 43.6% improvement over the second best itdggr Exp-SBI, whose
prognostic accuracy reads 0.550. To further ingagdi this accuracy gap, we plotted
the RUL predictions by the two algorithms for 2@8ttng units in Figure 6-8(a) and
their error PDFs in Figure 6-8(b). It can be obsdnfrom both plots that RNN
consistently gives early RUL predictions while EBI is prone to produce RUL

predictions being randomly distributed around zé&itwerefore, RNN provides higher
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accuracy in spite of a larger variance and, witlhufa prevention being the main goal
of PHM, one would select RNN among the candidagerghms to have moderately
early RUL predictions. Indeed, it is noted that yorRNN satisfies the target
component-PHM efficiency 0.7678 obtained in Subeadb.4.1 with the assumption
of perfect diagnostics and M/R actions. Finally, wege that, by capitalizing on PHM,
the EHA is capable of detecting, predicting andigating or recovering from the
actuator leakage, and thus achieves the resiliehegacteristics intended by the

underlying idea of RDSD, namely the optimal redioraof system performance.

Table 6-8 Prognostic accuracy and empirical error PDF regaitthe hydraulic
actuator model

Prognostic  Distri. Mean Std. dev. Parameters for non-

Algorithm accuracy  type (cycle) (cycle)  normal distributions

RVM-SBI 0.480 Weibull -2.66 12.14 1=49.22, 1=4.18
SVM-SBI 0.430 Weibull -3.40 1491 ,=60.10, ,=4.17

Exp-SBI 0.550 Normal -3.17 12.03 -
Quad-BLR 0.125 Weibull 10.62 12.76  ,=63.82, 4=5.3F
RNN 0.790 Weibull  -12.10 13.07 5=55.17, 5=4.35

2@, 3-47.36:°e,3-57.96:°e,3-48.17.%e; 3 -62.35

Exp-SBI
RNN

Probability density

Error (cycle)

(@) (b)

Figure 6-8 RUL prediction results (a) and error PDFs (b) fur hydraulic actuator
model
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6.5 Conclusion

This chapter presents a novel design frameworkeharesilience-driven system
design (RDSD), to incorporate resilience charasties into engineered systems. This
design framework consists of three hierarchicatsasamely the top-level RAP, the
bottom-level system RBDO and the bottom-level sysBHM design. The top-level
RAP incorporates the trade-off decisions regardihng component-reliability,
component-PHM efficiency and component-redundanty the system-level design
for an optimum integration of PHM with minimum LCChe bottom-level system
RBDO determines an optimal component design whilsugng the optimally
allocated target component-reliability from the 4epel RAP. Following the system
RBDO, the bottom-level system PHM design derivesptimal PHM unit design for
the optimal component design while meeting theroplly allocated PHM efficiency
from the top-level RAP.

The proposed RDSD framework is demonstrated wetmgplified aircraft control
actuator design problem, in which the incorporattdb®HM significantly reduces the
system LCC and the detailed component and PHM designs respectively satisfy
the target component-reliability and component-Péffitiency.

It is noted that, despite the difficulty in simuiously and comprehensively
exploring system RBDO and PHM in an integrated caisdy, this chapter provides a
strategic guidance for carrying out this explonatibrough an engineering case study
on the design of a safety-critical aerospace sysidra proposed RDSD framework,
featured with a rigorous theoretical basis and glesstrategy of engineering

resilience, is expected to ensure highly resilisgstem designs under various
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loading/environmental conditions and system-widieat§ of adverse events while

considerably reducing systems’ LCC.
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Chapter 7. Contributions and Future Works

7.1 Contributions and Impacts

The proposed research in this dissertation ainestailishing a solid theoretical
basis and systematic design framework of engingerasilience to facilitate the
development of formal methodologies for resiliengieeered system design and to
advance conventional engineered systems to resikegineered systems. This
research is composed of three research thrustsygigm RBDO, (ii) system PHM,
and (iii) resilience-driven system design. It ispegted that the proposed research
offers the following potential contributions and obder impacts in various

engineering fields:

Contribution 1. An adaptive-sparse polynomial chagpansion (PCE) method
for component reliability analysis involving bivate interactions

This dissertation proposes an adaptive-sparse P@HEoach for performing
engineering reliability analysis and design. Thepmsed method consists of three
technical contributions: (i) an adaptive-sparseesuh to build sparse PCE with
the minimum number of bivariate basis functiong, i new projection method
using dimension reduction techniques to effectiveympute the expansion
coefficients of system responses, and (iii) angragon of copula to handle
nonlinear correlation of input random variables.tfie best of our knowledge, the
proposed method can be treated as the first attenygitimize the number of the

bivariate terms to be considered for reliabilityabsis. The optimization process
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takes advantage of the PCE as the projection laasisproceeds by adaptively
adding the most significant bivariate terms to B&E model until a convergence
criterion is achieved. The inherent characteristicsrthogonal polynomials make
the adaptive process computationally efficient aodvergent. Therefore, the
adaptive-sparse PCE achieves an optimal comprobesseen the univariate
dimensional reduction (UDR) and bivariate dimensieduction (BDR) methods

(more accurate than the UDR and more efficient tharBDR).

Contribution 2: An adaptive stochastic collocatiomethod for component
reliability analysis involving tri- and higher-vate interactions

This research presents an asymmetric dimensiortimdagensor-product
(ADATP) method as an adaptive stochastic collocatiwethod for component
reliability analysis involving tri- and higher-vate interactions. The proposed
method leverages three ideas: (i) an asymmetrieuosnon-adaptive scheme to
efficiently build the tensor-product interpolaticonsidering both directional and
dimensional importance, (i) a hierarchical intdgtimn scheme using either
piecewise multi-linear basis functions or cubic tage splines, (i) a
hierarchical surplus as an error indicator to auwtieally detect the highly
nonlinear regions in a random space and adaptiedige the collocation points
in these regions. The adaptive hierarchical intietpon scheme possesses both
directional and dimensional adaptivity. The progbsensitivity-free method
achieves faster error decay than its non-asymmewimterpart and greatly

alleviates the curse of dimensionality.

Contribution 3: A unified framework for system lility analysis

222



The unified framework proposed in this dissertatamtomatically decomposes a
mixed system (represented by a system block diggrata multiple disjoint
series systems (not independent but mutually exayswhich allows one to
apply the original CIM to these series systems @lptin a unique estimate of
system reliability, and that's precisely the maiontibution of the proposed
framework, brought by way of a BDD-based algoritfon computing mutually
exclusive path sets. Indeed, the basic idea bethisdgeneralization is to add
another computational layer in the original CIMusture and to reformulate the
problem in a way that allows for the use of thegioal CIM. Such a
reformulation is an extension of the original wark CIM, with the advantage
that it greatly expands the application domain acdkieves a unique solution of
system reliability regardless of system structufearies, parallel, and mixed

systems).

Contribution 4: An ensemble data-driven prognostpproach for PHM in a
single time-scale

This research proposes an ensemble approach thalbyamthe k-fold cross
validation (CV) to estimate the accuracy of a givesighted-sum ensemble and
proposes three weighting schemes, namely, naniayadcuracy-based weighting,
diversity-based weighting and optimization-basedgiveng, to determine the
weight values. By combining the predictions of alember algorithms, the
ensemble approach achieves better accuracy andtnass in RUL predictions
compared to any sole member algorithm. The propasesemble approach

enables highly accurate and robust life predictidos resilient engineered
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systems with a single time-scale.

Contribution 5: A co-training data-driven prognaestapproach for PHM in a
single time-scale

The proposed co-training-based data-driven prognadgorithm, denoted by
CopPROG uses two individual data-driven algorithms withcle predicting RULs
of suspension units for the other. The confidentaroindividual data-driven
algorithm in predicting the RUL of a suspensiont usigquantified by the extent to
which the inclusion of that unit in the trainingtdaset reduces the sum square
error (SSE) in RUL prediction on the failure unisfter a suspension unit is
chosen and its RUL is predicted by an individugloathm, it becomes a virtual
failure unit that is added to the training data $&3PROG gives more accurate
RUL predictions compared to any individual algamithvithout the consideration
of suspension data and thab®RoG can effectively exploit suspension data to

improve the accuracy in data-driven prognostics.

Contribution 6: A multiscale filtering techniquerfBHM in multiple time-scales
The proposed multiscale filtering technique achseg#icient and accurate state
and parameter estimation for engineered systems$ éxaibit time-scale
separation. When applied to the battery systemihkiscale framework can be
treated as a hybrid of coulomb counting and adegpfiitering techniques. The
contribution of this framework lies in the fact thihe construction of a multiscale
computational scheme decouples the SOC and capesiigation from two
perspectives, namely the measurement and time-sthée resulting decoupled

estimation greatly reduces the computational tim®lved in obtaining the SOC
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and capacity estimates, while enhancing the acgunathe capacity estimation.

Contribution 7: Enhancement of the understandingesiflient engineered systems
and support for system design paradigm shift

This research develops a rigorous definition of ieegring resilience and

constitutes solid theoretical basis of resiliengiraered systems. A systematic
decomposition of resilience process in resiliengieeered systems enables
thorough understanding of resilience behavior andesively integrates this

behavior into future system design. The proposestesy resilience analysis and
design framework enables a transformative shifemgineered system design
from reliability-based to resilience-driven systetasign. The theoretical basis
and design framework of engineering resilience g@ifrom this research will

facilitate the development of formal methodologis resilient engineered

system design.

7.2 Suggestions for Future Research

Although the technical advances presented in thssedation successfully

address critical challenges in both system RBDORIHW as well as make the first

attempt to derive a systematic framework for resiliengineered system design, there

are still several research areas where furtherstigagtions and developments are

required to truly bring resilience-driven systemsiga into reality. Specific

suggestions for the continuation of the study ailiemce-driven system design are

listed as follows:

Advancement of model-based prognostics techniques
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This research develops two advanced data-drivegnpsiics techniques, namely
ensemble prognostics and co-training prognosticdesign a highly accurate and
robust PHM system for resilient engineered systesigih. However, no efforts

have been devoted to the advancement of model-lpasgdostics techniques in
this research. When we have ample understandirgysiem physics-of-failure

and underlying system degradation models but pssasy limited run-to-failure

and suspension data, the model-based prognostitsigees become more
desirable than their data-driven counterparts. Thasexpand the application
domain of PHM technologies, advanced prognosticBriigues based on system
physics-of-failure and underlying system degradatimodels must be developed

and applied to resilient engineered system design.

Development of PHM techniques for Li-ion batterylS@ediction

This research proposes a multiscale framework BKF for real-time estimation
of SOC and capacity by tracking readily availableasurements (e.g., voltage,
current and temperature) for Li-ion battery systerawever, the online
prediction of SOL with these measurements was whied in this research.
Future research should be focused on the develdpofedata-driven, model-
based or hybrid PHM techniques for online predictaf SOL. To verify the
effectiveness of the techniques to be developedcave conduct an extensive
accelerated life testing (ALT) on a number of hatteells of the same

specifications.

Consolidation and verification of the proposed RDi&Mework
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The proposed RDSD framework provides the first teti@ guidance for
simultaneously and comprehensively exploring systeBDO and PHM to
enhance the resilience of an engineered systetn @aily design stage. However,
further research works are still needed to conatdichnd verify the proposed
design framework. Specifically, future investigasoshould be devoted to the
following tasks: (i) the definition of engineeringesilience and the design
framework of system PHM must be generalized to idemsmultiple failure
mechanisms; (i) the diagnostics design (SN desiginpuld be coherently
integrated with the prognostics design (prognosiigorithm design) for the
bottom-level system PHM design; and (iii) the veafion of the proposed
framework needs to be conducted using testing ffata a real engineered
system, as opposed to the use of a simulation nvaittelhypothetical data in this

dissertation.

Decision-making on maintenance/restoration (M/Rioac

The conditional probabilityk of the M/R action success quantifies the extent to
which the system is able to restore the systemiginal performance. This
research has assumddas a constant. However, in engineering practice, t
restoration (M/R action) requires a decision-makprgcess that optimizes the
allocation of available resources based on theesystealth information from the
diagnostics and prognostics processes, makingn-constant. Thus, in addition
to the three tasks mentioned earlier, researchteffhould also be devoted to
systematically carrying out the decision-making gess and determining the

optimum k& for a specific restoration context. One possibby s to define key
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metrics that are indicative of system capacity andduct a trade-off analysis
between the system capacity restoration and resaoosumption. In this way,
the reasoning process can identify the most effecil/R actions as well as
allocate the available resources to these M/R @tio such a way that the system

capacity restoration can be maximized.
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Appendices

Appendix A: Derivation of the Error Decomposition

Error Source |I: Truncation
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Error source lll: Univariate decomposition
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Error source IV: Aliasing error
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whereé(% denotes the approximate expectation by using MeSSand Gaussian

guadrature integration.
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Appendix B: Pseudo Code of ADATP Algorithm

Pseudo code;

while rr|1ax("r)>ec &&M <M, __

selectl . 1 1, with' (1.} e

lg=lg |l =/

while(l; 1 £ &&M <M )
selecti, I I, withe (i, } ef,)" 1, 1,
|T:|T\i t'l F( t):{ t+qu-’ 1£k£|\}
IA:IA IF(I)
w' = g(x‘f ) adatpste()l o {W '°} {X ‘f})

M=M+M,
. 1 -
er | = Wf
( f) (gmax_ gmin) Mif j ‘ ] ‘
endwhile
=1 +1
endwhile
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Symbols

gmax
gmin

+/ -

&
adatpstep

old index set
active index set
trial index set
forward neighborhood of trial index
relative error indicator
relative error threshold
maximum function value
minimum function alue
K" directional unit vector

step hierarchical interpolation
function
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Glossary

ADATP: Asymmetric Dimension-Adaptive Tensor-Protiuc
CDF: Cumulative Distribution Function
CIM: Complementary Intersection Method
CVv: Cross Validation

DI Directional Index

EKF: Extended Kalman Filter

FOB: First-Order Bounds

FORM: First-Order Reliability Method

PCE: Polynomial Chaos Expansion

PDF: Probability Density Function

PHM: Prognostics and Health Management
RBDO: Reliability-Based Design Optimization
RUL: Remaining Useful Life

RVM: Relevance Vector Machine

SBI: Similarity-Based Interpolation

SOB: Second-Order Bounds

SOC: State of Charge

SOH: State of Health

SOL: State of Life

SORM: Second-Order Reliability Method
SVM: Support Vector Machine
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