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Prioritizing System-Reliability Prediction
Improvements

David W. Coit Member, IEEEand Tongdan Jin

Abstract—This method prioritizes system-reliability prediction  use newer-technology components with very little reliability
activities once a preliminary reliability-prediction has been made. data. For these components, reliability estimation can be based,
System-reliability predictions often use dataand models fromava- ¢ ¢ = o extrapolated accelerated life testing or an analytic
riety of sources, each with differing degrees of estimation uncer- hvsi f-fail del. Th tainti ithi h
tainty. Since time and budgetary constraints limit the extent of ana- physics-ol-tailure model. There a_re _uncer ainties within eac
lyzes and testing needed to estimate component reliability, it is nec- Of these sources. These uncertainties must be understood to
essary to allocate limited resources intelligently. A Reliability-Pre- decide how limited resources should be allocated to improve
diction Prioritization Index (RPPI) is defined to provide a relative  reliability predictions.
ranking of components based on their potential for improving the - gy .gtem.-reliability prediction is often conducted iteratively as

accuracy of a system-level reliability prediction by decreasing the the desi | = t limi liabilit
variance of the system-reliability estimate. If a component has a € design evolves. -or some sysiems, a preliminary refiabiiity

high RPPI, then additional testing or analysis should be consid- Prediction is determined using previous data to initially com-
ered to decrease the variance of the component reliability estimate. pute reliability predictions at the assembly or subsystem-level.

RPPI is based on a decomposition of the variance of the system-Then, as more detailed design information becomes available,
reliability or on a mean-time-to-failure estimate. Using these in- the assembly-level predictions are updated or replaced with re-

dexes, the effect of individual components within the system can be liabilit dicti based on th ts within th
compared, ranked, and assigned to priority groups. The ranking lability predictions based on the components within the assem-

is based on whether a decrease of the component-reliability esti- blies. For other system-reliability predictions, a parts-count re-
mate variance meaningfully decreases the system-reliability esti- liability prediction is initially determined, once the parts within

mate variance. The procedure is demonstrated with two examples. the system have been identified, but prior to determining the

Index Terms—Estimation variance, reliability prediction, vari-  SPecific stresses acting on the part. Then, when more detailed
ance decomposition. design information has been determined, the system-reliability
prediction is revised, and hopefully improved, based on a parts-
stress reliability prediction and part-level models.

ACRONYMS! When reliability prediction is conducted in stages, it is ad-
LB lower bound visable to prioritize reliability-prediction improvement activi-

MTTF  mean time to failure ties. The uncertainty of reliability predictions for some com-
RPP reliability-prediction prioritization ponents might have negligible effect relative to the system-re-

RPPI RPP index liability prediction. In these cases, it might not be efficient to

SD standard deviation devote any additional effort to improving the prediction by de-
Var variance creasing the estimation variance. This requires additional and
more detailed analyzes or testing that might yield unimportant

|. INTRODUCTION system-level improvements. Alternatively, the reliability predic-

tions for some components have a relatively large effect on the
variance associated with the system-reliability estimate. Then,
YSTEM-LEVEL reliability predictions are generally gqditional analyzes or testing is warranted.
eveloped based on a system model and component-levefhis paper develops RPP strategies to prioritize or rank com-
reliability predictions. Component-level reliability can bgonents based on their relative impact at the system-level. Dif-
determined from a variety of sources. It is not unusual to Ug§ent strategies are presented corresponding to when the per-
distinct sources of component-reliability data or models whggrmance measure is system reliability or system MTTF. The
predicting system reliability. A new system will likely haverecommended method is based on system-reliability estimates.
some components that have been used previously so there|@ggn be used for all popular time-to-failure distributions (e.g.,
plentiful data available. Alternatively, the same system Ccafeibull), but requires the selection of a mission time to pro-
vide a basis for reliability estimation. If there is no meaningful
Manuscript received May 20, 2000; revised August 8, 2000 and October ZBjSSion time, then an alternative approach is presented based
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models requires engineering effort and automated analysiensitivity analysis applies only locally. The difficulty associ-
tools. It becomes imperative to prioritize reliability-predictiorated with this model is that the joint distribution for ajJlneeds
activities based on their ability to reduce the variance of the be explicitly specified before computing tkeexpectation.
system-reliability prediction. This paper presents an analyfior systems with complex structures and few failure data, it is
method to identify those components that require additiondifficult to derive the joint distribution.

analyzes or dedicated testing, or alternatively, where a crudeyakashima and Yamato [8] developed a variance-importance

estimate might be sufficient. measure based on a Taylor series expansion of the system-un-
o reliability function around the mean of the component-unrelia-
B. Sensitivity Measures bility estimate. Their model decomposes the system-level vari-

Various methods have been proposed to prioritize the m@ce into a linear sum of individual component-variances by
important or critical components within a system. The metho#§ing a logarithm transformation. Then, the component-vari-

can generally be classified as: ance i.mp.o.rtance is defined as t.he partial derivative with respect
. differential analysis methods, to an individual component variance.
« variance-decomposition methods. Easterling [9] and Rosenblatt [10] also use variance decom-

For differential analysis, a sensitivity measure is defing?PSition methods to approximate the variance of the system-reli-
as the partial derivative with respect to component religPility estimate as the linear combination of the variance of com-
bility. Variance-based decomposition methods partition tRonent-reliability estimates. When the component reliability is
system-reliability estimate variance among effects due to thwh and the associated estimation variance is small, the approx-
component-reliability estimate variances. The partition of tHEnation yields very accurate estimates. Based on the variance
model-output variance can then be used to rank the relatRiethe system-reliability estimate, they further derivedonfi-
importance of the input variables. In this manner, the criticlence intervals for system-reliability estimate using a binomial
components are identified and additional test resources @hgtribution assumption and the asymptotic normality for the
be allocated to improve overall system-reliability estimatiorsystem-reliability estimate respectively.
In general, differential methods indicate which component’s Cox [11] used conditionak-expectation to partition the
reliability levels should be increased to increase system feariance of the system-reliability estimate among contributing
liability most efficiently. Variance decomposition methodgauses using orthogonal decomposition. This approach applies
indicate which components contribute most to the variance @ any nonlinear reliability function. However, as relia-
the system-reliability estimate, and thus, which componemigity-model complexity increases, this approach becomes
might require additional testing or analysis to improve th@umbersome and difficult to apply. This method is not effective
component-reliability estimate. when there ars-correlated model parameters.

Birnbaum [1] proposed the earliest differential importance Coit [12] proposed a system-variance decomposition

measures for 2-state coherent system-reliability analysis. Tril%thod. This model applies for any system design that can be

measure c_haracterlzes the rate a t Wh'Ch. th_e_ SyStem.'rQI'ab'dé/composed into series and/or parallel connections as long as
changes with respect to changes in the reliability of a given com-

) : , e . component reliability estimates are mutuajndependent. Jin
ponent. This measure is sometimes called first-order differen . . : »
. . e . . and Coit [13] extended this variance decomposition to systems
tial analysis [2]. Many variations of Birnbaum importance have. S T
been suggested including with arbitrarily repeated components. Subsystem-reliability
Lambert's critical importance [3] estimates might be-dependent due to the repeated use of the
. s critical i ,

- - same type of component. This extension is valid for systems
e Gandini’s upgrading importance [4],

+ Xie and Shen [5] ranking of improvement actions with series, parallel, and series-parallel structures.
- Barlow and Proschan’s importance feout-n: F syst,ems Hora and Iman [14] and McKay [15] analyze the sensitivity
[6]. problem based on the decomposition of the variance of a

A common characteristic of differential-importance meaYStem-performance index. They use heorrelation ratio of
sures is that component parameters are treated as determinf@fd! component as the importance measure. The variance-de-
without considering the estimation uncertainty. The differefomposed method measures the proportion of the unconditional
tial-sensitivity measures are useful to rank components bad@giance of the system reliability that can be attributed to the
on their potential to improve system reliability. Howevervariance of thes-expected value of the system reliability,
they are only marginally useful to rank component-reliabilitgonditioned on the specific component parameter.
estimates based on their potential to minimize the variance ofvariance is not always a robust measure of uncertainty when
the system-reliability estimate. the model parameters experience highly skewed or fat-tailed

Marseguerraet al.[2], [7] report that Birnbaum importance distributions. To address this case, Iman and Hora [16] use the
and its extensions are local sensitivity measures in the sense t@tregression approach to transform the uncertainty sensitivity
the importance, with respect to component reliabitifyjs eval-  calculation into a logarithmic scale for the system-performance
uated at the estimated value, To remove the local restriction, index. The log scale produces a reliable ordering of the variance
a general differential sensitivity model is created by computirgensitivity measures for each parameter. However, the approach
the s-expectation of a local sensitivity index over the range;of fails to provide an absolute measure of importance in the ordi-
values. This alleviates the drawback that first-order differentinhry scale of the analysis.
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Notation A. Variance Decomposition
T reliability of component at timet It is necessary to estimate the variance of the system-relia-
r (ri, ..., 7s) bility estimate based on the system configuration, component
" implies an estimate reliability estimates, and the variance of those estimates. The
r (Fiy ey 7s) variance of the system-reliability estimate was determined as a
R(t; r)  system reliability at time, as a function of function of the component reliability estimates and the associ-
R(t) R(t, 1) ated variance measures for systems withdependent compo-
A exponential distribution parameter for componéntnent reliability estimates [12], and for systems with arbitrarily
(failure rate) repeated components [13].
A (AL, ., As) The objective of variance decomposition is to separate the
i 1/X;: MTTF for component system-reliability variance estimate into decomposed subcom-
5\j empirical estimatg of failure rate ponents that can be assigned or attributed to the individual
A estimate of weighted average failure rate system-components. Sobol' [17] presented a technique to
7, number of failures used to estimate decompose the variance of a model with random inputs, by
o? variance of the component reliability, or of thedecomposing the variance into additive subcomponents for
MTTF estimate, for component Var{#;}, or the individual random variables and every possible interac-
Var{ji}; tion term. Homma and Saltelli [18] extend this approach to
b [(0/0r)R(t; r)|e=$]*, prioritization based on investigate the influence of individual parameters. Wheeler and
system reliability, of(9/0p;) [~ R(t; A) dt[,_x]>, Spulak [19] describe variance decomposition for failure-fre-
prioritization based on system MTTF guency estimates to be used in probabilistic risk assessments. A
«; RPPI:§; - 0/ Ej ;- af similar approach is used here to decompose system-reliability
estimate variance.
C. Assumptions 1) Reliability Performance MeasurestVhen there is a
1) Components within a system operate and4diidepen- meaningful mission Fime or time period .of ir)terest (e.g., war-
dently. ranty pgrlod, useful life), then system-reliability measures are a
2) Components and the system are in 1 of 2 states: operawvenlerjt performz_;mce measure. A sys_tem-rella_bmty estimate
or failed. is determined by using. If £(¢) is an unbiased estimate, then
Var[R(t, )] =E [(R(t, £) — R(t, r))’]
Il. RPP SD[R(t, #)] = /Var[R(t, F)]. )

RPP strategy requires that a preliminary reliability prediction Decomposition of the variance is based on a Taylor series ex-

(e.g., parts-count or assembly-level) has been determined. O C&cion ol R(t, #) — R(t, r))2. Equation (2) is a restated but
a preliminary reliability prediction has been calculated, itis ne quivalent form’ of the syétem-}eliability expansion in [20]. It as-
essary to decide how to improve the reliability prediction by d%'umesthat the system-reliability estimate-isnbiased. In pr.ac-
creasing the estimation variance. It would be desirable to ¢ y

duct detailed engineering analyzes of each component an ice, .the folloyying_method can still be gpplied tol obtain useful
X ) . ) %rlty classifications as long aB(¢, ) is approximately un-
perform dedicated life testing of each component; however, t IS
generally is not possible, given the time and budget constraints.
A method is presented to rank system RPP activities ac- [R(t, £) — R(t, r)]?

cording to a RPPI. The RPPI provides an approximate measure [R(t, ) — R(t, ©)]?|ps

of the proportion of the system-level reliability estimate P . ) .

variance that can be attributed to a particular component. The +> oy Bt 1) = Rt 0) | - (7 = 7)

components can then be ranked in accordance with the RPPI. g 8; ( iy
) o ) - R re — #s

Th|§ can serve as a quar?tltatlve guide to allocate additional + Z . [R(t, #) — R(t, r)]2|r=f )

engineering effort and testing. - or; 2
Two RPPI methods are presented depending on whether 9 9

system reliability or the system MTTFE is the appropriate +>> 5 5 B ) — R(t, )]zt

performance measure. RPPI based on system reliability is T

preferred. It is less complex (involves fewer calculations) and it (ri =) (r; = 7)) @

is appropriate for any component time-to-failure distributions 2 ’

or a mix of distributions. If there is no meaningful mission time The s-expected value of the Taylor series expansion is used
to provide a basis for reliability estimation, then RPPI indexee estimate the variance. If the component-reliability estimates
based on MTTF are useful. They are appropriate only fares-independent ang-unbiased, then the-expected value of
systems with components that have exponential time-to-failuthe expansion can be simplified. Under these conditions,

If a system has components whose time-to-failure is distributed Varls;] =E [(r — #)?]

according to some other distribution, we recommend that a v B
compromise mission time be selected (e.g., average operating E[(r; — )] =0,

time in a year) and the reliability-based RPPI approach be used. E[(r; — 7:) - (r; — #;)] = Cov[#y, #;] = 0.
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Therefore, failure data; the asymptotic variance can be obtained from the
inverse of the Fisher information matrix

Var[R(t; £)] =E [(R(¢, £) — R(t, r)?]

. a [ 2
92 . ) Var[#;] Var [MTTF| ~ ) { / R(t; \) dt} - Var[fi]
~ @[R(t, B) = Rt 1) o - — [ } — Lo Jo s
' a [~ 2 Var[i;]
9 ; ~3 { | Ry dt} LT
S — R(t r=¢| - Var[r;]. 3 ; ! T
> | e Dlmt] Vit @ _|ox Jy L
(5)

The system-reliability estimate variance can now be appr a tem-MTTE estimate varian n now b roximated
imately represented as a linear combination of the variance Qe system- estimate varlance can now be approximate

timates of the individual components: see also [19]. as a linear combination of the variance estimates of the indi-

Theé; - o7 represents the approximate decrease in the systevrjnd-ual components

reliability estimate variance if; is known with certainty, i.e., - 9
o? = 0. The decomposed variance is, 5 = { 0 / R(t; A) dt}
i Jo Aci
Var[R t, r)] ~ 61 . 2 4 [=1e] 2
ar[R(t, )] Z o (4) {ai / R ) dt}
i Jo

. " = — A=A 52 — Var[ji;]. (6)

Theé; equals the Birnbaum sensitivity measure squared. There- My
fore, although fundamentally different, variance decomposition
and reliability sensitivity measures are related. Th i _ : b ; _

The variance decomposition is based on the first several terﬁ¥§tem'MTTF estimate varianceyif is known with certainty:
of a Taylor series expansion. If the component reliability distrZi = 0. The decomposed variance equation is
butions are from very differently-shaped distributions with large o
variance, the approximate variance estimation error can become Var [MTTF} ~ Z 8 -0}
large, and this can affect the rankings. In practice, it is often dif- @
ficult to determine the shape of the distribution, based on limited
data. However, if it is known that the distributions are heavilg rpp|

skewed, an approach can be developed similar to Iog-regressio&PPI is adi ionl ter that tsth
approach [16]. Alternatively, the Taylor series expansion can in- IS adimensioniess parameter tnat represents the approx-

clude additional terms to improve the approximation [19] Imate proportion of the system-reliability estimate variance that
2) MTTE Performance MeasuresSome systems are. in.can be attributed to a particular component. Since the goal of

tended to be used for unspecified and prolonged perioderPab”.itY predictiqn Is to produce asystem_—reliabili_ty estimate

time. For these systems, there is no meaningful mission tirWéth minimum variance, the components with the highest RPPI

) . . - - are the best candidates to improve the reliability prediction by
to use as a basis for reliability estimatioriz, probability of g%t_ing, or by additional and/or more thorough analyzes. RPPI

success. For these applications, analogous variance decon.tn mputed by normalizing the varian xpansion so that th
sition methods have been developed based on the varianc s g(ljjdeto 1){ ormafizing the variance expansion so that the

the system MTTF estimate. This decomposed MTTF estimate ">
variance is more difficult to use and more restrictive, compared Z 1
; = 1.

e 6; - o7 represents the approximate decrease in the

()

to the corresponding reliability estimate decomposition. RPPL = i,
The equations in this Section 1I-A-2 apply when all com-

ponent-failure times have an exponential distribution. SystegPp} is proportional tas; which is related to Birnbaum sensi-
MTTF can be estimated based on a system model and estimaj@é, measures. 162 is the same for all components, then RPPI
exponential distribution parameters for the components withiihg Birnbaum rankings are the same. However, offevaries

the system substantially among the components within a system.
RPPI is used to assign components into priority group
MTTF :/ R(t; ) dt, MTTF :/ R(t; \) dt. 1 or priority group 2. Componen?s in prlorlty group 1 are
0 0 those that require further analysis or dedicated life-testing

because the system-reliability estimation variability can be
The variance of the system-MTTF estimate can be decomposedaningfully decreased if the component reliability estimates
using the same approach as for the system-reliability estimatese lower variance. For those components in priority group 2,
decomposition. The decomposition is basedignFor expo- the system-reliability estimate variance is not decreased in any
nentially distributed failure times, the variance decompositianeaningful way by a better reliability estimate. Therefore, for
expression yields closed-form expressions. System variance i®se components in priority group 2, the preliminary estimates
composition requires the variance of the estimate;ct 1/\;. do not necessarily require updating, even if they are highly
This can be estimated based on experience, or given timeaariable. Limited analysis and testing budgets can be allocated
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1 C. Override Principle

T The RPP strategy is useful to rank the potential for improve-

_ ment. Priority group 1 components are recommended for further
and more detailed analysis or testing. Some components should
be grouped into priority group 1 without regard to RPPI calcu-
lation; this override principle is invoked when at least 1 of these
4 conditions apply:

« Failure, mode and effects analysis (FMEA) classifies the
component in the highest (most severe) severity class.

« Component technology is unproven and has yet to be

priority group 1 priority group 2 demonstrated in fielded systems.

« The componentis in a redundant configuration and the ef-
fect of common-cause failures is believed to be important.

e Other system or operational specific condition dictates

Fig. 1. Cumulative RPPI plot. more detailed analyzes, independent of the RPPI.

o o
o (=]
. .
1 1
1
]
1

cumutative RPP!
o
=

o
[N}

componentindex

to those components in priority group 1, where the benefits arelll. ESTIMATION OF COMPONENT-RELIABILITY ESTIMATE
more readily evident. VARIANCE

Once RPRIhas t_)een computed fqr each compone_nt, they areComponent—reliability estimates have various degrees
rearranged from highest to lowest, in accordance with a Pargp

vsis. Then. the briorit determined h uncertainty depending on the nature and source of the
Ia;?ga)ias. en, the priority groups are determined as SNoWnylk, - several sources of component-reliability predictions

) o are company-specific field data, accelerated life-test results,

The components are assigned to a priority group based on o sjcs-of-failure models, publicly available data [e.g., Re-
of two selection strategies: liability Analysis Center (RAC)], empirical models (e.g.,

« threshold value for cumulative RPPI, Bellcore, MIL-HDBK-217F), and extrapolation of observed
« a pre-selected fraction of components. degradation patterns.

If a threshold valug#) is selected (e.g., 0.99, 0.999), then _The magnitude a_nd source of the reliability-estimate uncer-
all component indexes with a cumulative RPPI index less thi#{nty can be very different for each source of component-relia-
6 are defined as priority group 1. Components with a high&#ity information.
cumulative RPPI index are defined as priority group 2. » For company-specific field data, there could very likely be

The0 < 6 < 1 is a relative measure; statistical uncertainty because of a low number of failures.
T » For accelerated testing results, there will also be statistical

uncertainty but there is additional uncertainty caused by

the required extrapolation and the difference between the
actual and test environment.

) .  For publicly-available generic data, there can be low statis-
Higheré values should be chosen for design problems where  tica| uncertainty (because of many failures) but an overall

it is more critical to have an accurate system-reliability predic- high degree of uncertainty because the associated opera-
tion. Often some components dominate the system-variance de- jonal and environmental stresses are unknown or merged.
composition and it is advisable to seled & 0.99. « For empirical and physics-of-failure models, there are
For some system-reliability design problems, arelatively few  other sources of uncertainty.
components dominate the RPPI. In this case, an alternative pricomputation of RPPI requires an estimate of the variance
ority group selection strategy is to pre-select some fraction fofr each component-reliability estimate used in the system-re-
components (e.g., 20%, 50%) to analyze in more detail. Thebility model. These variance estimates can be calculated for
components are ranked and the highest fraction (pre-selectepirical estimates of component reliability using well-estab-
are subjected to further analysis. lished techniques. If there are time-to-failure and associated
When applicable, the best policy is to allocate RPREa- censored data for the components of interest, then the reliability
sures and determine priority groups iteratively as the desigatimate and an estimate of the variance can be made using
evolves. The RPPI indicates the potential for decreasing systdfaplan—Meier [21] estimates, or by considering the binomial
level variability, but it does not measure the feasibility or eashstribution. When accelerated testing or reliability models
of decreasing component-level estimation variance. are used, other means are necessary to estimate the variances.
The RPPI procedure does not consider the cost of the adeinally, if there is no information available to compute these
tional analyzes or testing required to decrease component-egiFiance values, then worst-case estimates are available that
mate variance. In practice, this is important. The method couddsume that the component reliability estimates are unbiased.
be revised by dividingy; by a cost metric to yield cost-adjusted Test data can result from testing conducted at accelerated en-
RPPI metrics. vironmental stress levels. The Kaplan—Meier or binomial data

* 6 = 0 means that all preliminary reliability predictions are
satisfactory (group 2),

* # = 1 means that none of the preliminary reliability pre-
dictions are satisfactory (group 1).
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estimates are appropriate for accelerated life test data if the e
trapolation factors do not introduce any additional estimatior
error. The mission time and failure times can be measured i
compressed or accelerated time units and then extrapolated
reflect actual usage conditions. However, in most cases, the ex-
trapolation factors introduce estimation error and the variangg. 2. ATC system-reliability block diagram.
is underestimated if it is assumed otherwise. Estimation error is
introduced by both the scarcity of empirical data and the extrafrore likely that the component is categorized into priority group
olation factor. 1

System-reliability predictions sometimes use failure rate data R R R
from internal field data reporting systems or published data 7i - (1=7), no LB for7;
compilations [22], [23]. The constant failure-rate has generally o} < (7 —rp.4) - (1 —#), LB canbe estimated (10)
been assumed for these data sources. These failure rates can (rp,; <7 <1).
be used in a system-reliability prediction if the data originated
from the same type of components operating under the saffeese upper-bound values for estimate variance assumg that
environmental conditions. Unfortunately, it is often uncledp an unbiased estimate. It is derived by considering that the
whether the environmental and usage conditions are the sgffgponent-reliability estimate is a Bernoulli r.viz, 2 possible
or even analogous. Additionally, the data sources might poditcomesy, ; and 1.0 with the mear- #;). In practice, the
individual data records together using an |mp||c|t homogeneig}stribution of the Component-reliability estimate is more |Ik8|y
assumption. Itis often unclear whether that assumption is valf§.be some continuous distribution centered somewhere about

The variance estimate should not be based solely on ﬁtilg actual reliability value. Thus, the Bernoulli assumption is
pooled estimate unless the data are assuredly from homoﬁ%t—_ realistic, _but it is useful because it pr_oduces the maximum
neous sources with homogeneous usage profiles. If there’fdiance, which then can be used to provide an upper-bound for

doubt, itis important to consider the variability of the individuaf?MPonent-reliability estimate variance when no other informa-
failure rate estimates (approximatede) and compute the tion is available.

variance of the weighted average failure rate. If a homogeneous
population of components is exposed to nonhomogeneous
usage profiles, a conservative estimate of the failure rateRPP is demonstrated using 2 examples. Example 1 is an au-
variance can be estimated. Equation (8) pertains to the c@smatic train control system. Example 2 is a bridge system from
where datdn;, Xi) are collected from different sources whicl{5].

may have differences in usage and environmental stress

2-out-of-3 2-out-of-3

IV. |LLUSTRATIVE EXAMPLES

A. Automatic Train Control (ATC)
The ATC system is stationed in a fixed location and mon-

03 = Var[}] itors the speed of bullet trains as they pass. It detects a pre-
R ceding train, generates an upper-limit speed, and then, controls
= Var Z U Ai] the train operation by the upper-limit speed signal. The system
@ has redundancy for signal transmission and for logic to gen-
s 1 Z ni - A2 erate upper-limit speeds. There is a fail-safe system for auto-
N . v matic braking. The example is a hypothetical system based on
. ) o an actual ATC [24].
N= z;n” =N ®) " the ATC system-reliability block diagram is in Fig. 2 and

component-level information is in Table I. The reliability esti-

mates are based on constant failure-rate assumptions. The vari-
A variance estimate for the component-reliability estimaf&"ce estimate for the brake_ is based on field data,_whilethe_other
can then be based onsenormal distribution assumption for cqmponents ‘”?md. gssembhgs use worst-case variance estimates,
(and equivalently, a lognormal distribution e with LB on reliability where_mdlcated |n.TabI§ I. The AT_C uses

2-out-of-3: G redundancy in two locations in the design. The

amplifier (component 3) is used in several places within the
design, although there is a single estimate available. The ATC

Var[f] = exp(=2A -t + 03 - #) - [exp(o3 - #7) = 1] . (9) system reliability is,

C ) — 2 3 2
If no information is available to estimate the component-reli- R(t; x) =7y - (3ry = 2r3) - [12_ (1 =rs)7] s

ability estimate variance, then an upper-bound estimate can be [B(rs a5 16)" = 2rs -y s 7))

computed using (10). There are different upper-bound variance “T7 TR, (12)

values depending on whether an (&, ;) for component reli-

ability can be defined. The upper-bound values can be used aha predicted reliability for the ATC is 0.9815 and the approx-

conservative surrogate for the unknown variance. This makenitate variance of that estimateds6 - 10~° for a mission time
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TABLE |
ATC SYSTEM-COMPONENT DATA
i assembly failure/hr  ri(t) rg a2 8R/Or 8; 5 -a? RPPI
1 Train Detection 3.0.107% 9995 .96 .0000207 9820 9643 2.00-10~° 2643
2 Logic Unit 1.0-10~7 9982 -~ 0017474 .0103 .0001 1.85-10~7 0024
3 Amplifier 3.0-107 9948 .80  .0004967 0470 0022 1.10-107% 0145
4  Synchronism Detection 1.0.10-8 9998 90 0000175 0366 0013 2.34.10"% 0003
5 Bandpass Filter 4.0-10-% 9993 .90 0000670 .0366  .0013 9.31-10"% 0012
6  Control Logic 1.0-10—8 9998 - 0001752  .0366 0013 2.34-1077 0031
7  Axle Rotation Detection | 3.0-10~8 9995 .96 .0000207 9820 9643 2.00-107% 2643
8 Brake 1.0-107% 9826 - .0000341 .9988 9976  3.40-10"% 4490
TABLE 1l
AUTOMATIC TRAIN CONTROL SYSTEM RPPI RESULTS
i assembly RPPI  cum RPPI  Priority 3
Group

8 Brake .4499 .4499 1

1  Train Detection .2643 7141 1

7  Axle Rotation Detection | .2643 9784 1

3 Amplifier .0145 .9929 1

6  Control Logic .0031 19960 2

2 Logic Unit .0024 .9985 2

5 Bandpass Filter .0012 .9997 2 Fig. 3. Bridge system.

4  Synchronism Detection .0003 1.0000 2

 (labeled X and S redundant) is the increase in system reli-
of 2 years of constant operation (17 520 hours). The initial relia- ~ ability if a redundant component is individually added for
bility prediction was based on a combination of assembly-level each component in the system;

and component-level reliability predictions. * (labeled X and S perfect) is the increase in system relia-
Table Il shows the RPPI analysis results. Partial derivatives  bility if each component is replaced by an equivalent com-
of R(¢; r) were computed for each component to deterndine ponent with a reliability of 1.0.

andRPPI;. As shown in Table II, the brake contributes almosgirnbaum sensitivity measures are the partial derivative of
half of the system-reliability estimate variance even though tRgstem reliability with respect to component reliability (which
component-reliability estimate variance is relatively low. Howis equivalent to the difference in system reliability if the com-
ever, the brake reliability is low compared to the other comp@onent has a reliability of 1.0 compared to a reliability of 0.0).
nents and the brake is not part of a redundant configuration-Taple IV presents the rankings of the 5 components within the
Even small varlablllty of the brake-reliability estimate aﬁectﬁridge System with respect to each of the rankings_ As the rank-
the system-level estimate appreciably. ings in the table demonstrate, different components are ranked
A threshold valueg, of 0.99 was pre-determined for thegifferently depending on the particular index. This is not unan-
system. This means that the components that contribute OtR§pated because the particular indexes measure different char-
of the decomposed approximate variance measure will Bgteristics.
subjected to more detailed analyzes or additional testing. In acBjrnbaum [1] and Xie and Shen [5] indexes are intended to
cordance with the Table Il results, components 8, 1, 7, 3 shofaracterize how sensitive system reliability is to changes in
be in priority group 1. The reliability of these componentgomponent reliability. Therefore, they are useful to assess the
should be further analyzed, and dedicated life testing Shouldi%act of improving Component re||ab|||ty A|ternative|y, RPPI

contemplated. indicates how sensitive the variance of the system-reliability es-
_ timate is to changes in the variance of the component-reliability
B. Bridge System estimate. Thus, Birnbaum [1] and Xie and Shen [5] indexes are

F|g 3 and Table Ill show the br|dge System and CorréJSEle' to decide which Components to improve, whereas RPPI
sponding data. This system was analyzed [5] to demonstraélsefm to determine which components should be subjected to
its sensitivity measures. Several shortcomings with Birnbaufore testing or detailed analyzes to decrease the variance of the
sensitivity measures [1] were identified, and revised sensitivigpmponent-reliability estimate.
measures were proposed. Only component reliability point-es-
timates were originally provided. Typical variance estimates
were assumed, and presented in Table lll, to demonstrate the
RPP process. Table Il also presents the data and the analysRPPI and priority groups have been defined to compare com-
results. If af = 0.9 was selected, components 1, 2, 3, 4 wouldonents and to provide a relative ranking of components based
be assigned to priority group 1, and component 5 would lo@ their potential for meaningful improvement at the system-
assigned to priority group 2. level. RPPI is based on a decomposition of the variance of the

To compare RPPI indexes with other sensitivity measuresystem reliability or MTTF estimate. RPPI is approximately the
Table Il includes Birnbaum sensitivity measures and 2 revis@doportion of the system-reliability estimate variance that can
sensitivity measures from [5]: be attributed to an individual component. The goal of reliability

V. DISCUSSION
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TABLE 1l
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BRIDGE SYSTEM RPPIAND SENSITIVITY MEASURE CALCULATIONS

RPPI Data Sensitivity Measures
(1) ri(t) o? §; - o? RPPI | Birnbaum [1] X&S redundant [5] X&S perfect [5)
i 0.8 0.001f 000032 0124 0.545 0.087 0109
2 0.3 00053 000038 0.150 0.270 0.057 0.189
3 0.6 00060 0.00119  0.465 0.445 0.107 0.178
4 0.7 00084 0.00053  0.206 0.250 0.053 0.075
5 05 00050 000014  0.055 0.168 0.042 0.084
system | 0.673 - 0.002553  1.000 - - -
TABLE IV In practice, both of these scenarios can be useful for modeling
SENSITIVITY MEASURE RANKINGS complex systems. Extension of the RPPI concept to address this
rank | Birnbaum  X&S [5] X&S (5] RPPI reliability modeling will be particularly useful because extrap-
(1] redundant  perfect olation of observed degradation trends can introduce prediction
1 1 3 2 3 uncertainty.
2 3 1 3 4
3 2 2 1 2
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prediction is to estimate system reliability with minimal vari-
ance. Therefore, components with higher RPPI should be ex-
posed to additional testing or analyzes to improve the reliability
prediction because the improvement will be more readily ap-[1]
parent at the system-level.

Reliability sensitivity measures and RPPI are fundamentally 2
different because they are intended to measure different charac-
teristics. However, the Birnbaum sensitivity measures and RPPI
are mathematically related. Tlse from (4) is the [Birnbaum 3]
sensitivity measuré] RPPI is proportional t6;; thus ifo? is the
same for all components, then the RPPI and Birnbaum ranking A
are the same. For many systems, these indexes often do corre-
spond. However, for other systems they differ, as in Table IV. [5]
The RPPI indexes are most useful when component reliability
estimates are from a variety of sources with varying varianceyg)
levels.

Birnbaum sensitivity measures and RPPI can also be concep[—7]
tually related. If the Birnbaum sensitivity measure is small, the
system reliability is insensitive to relatively large shifts in com-
ponent reliability. If this is true, then it is logical to conclude &
that prediction errors (analogous to real increases or decreases jg
component reliability) would also have smaller effect. Since the
RPPI rankings are equivalent to Birnbaum sensitivity rankingélo]
whenc? is the same for all components, the Birnbaum measures
can be considered as a special case of the RPPI. An expandéd]
and generalized RPPI sensitivity measure could be developed to
characterize formally both the effect of improvements in comy;2;
ponent-reliability and in component-reliability estimation vari-
ance. N . . . [13]

System-reliability prediction and the associated sensmvm}
measures are generally based on the assumption that compo-
nents, and thus the system, are in either a failed or a full opeﬂ“]
ational state. In practice, there can be multiple degraded states.
In the degraded state, [15]

« the system can continue to provide full operational capa-
bility, but observed deterioration can allow for a prediction[16]
of reliability before experiencing any failures, or

« the system might not provide full operational capability,
but it can still provide some partial operational capability.

(17]
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