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SUMMARY & CONCLUSIONS

Los Alamos National Laboratory, Design For
Reliability, Inc., and others, have worked together to develop
PREDICT, a new methodology to characterize the reliability
of a new product during its development program. Rather than
conducting testing after hardware has been built, and
developing statistical confidence bands around the results, this
updating approach starts with an early reliability estimate
characterized by large uncertainty, and then proceeds to
reduce the uncertainty by folding in fresh information in a
Bayesian framework. A considerable amount of knowledge is
available at the beginning of a program in the form of expert
judgment that helps to provide the initial estimate. This
estimate is then continually updated as substantial and varied
information becomes available during the course of the
development program. This paper presents a case study of the
application of PREDICT, including an example of the use of
fuzzy logic, with the objective of further describing the
methodology. PREDICT has been honored with an R&D 100
Award presented by R&D Magazine.

1. INTRODUCTION

A methodology has been developed to characterize
the reliability of new products during development. PREDICT
(Performance and Reliability Evaluation with Diverse
Information Combination and Tracking) is an approach that
has proven effective in evaluating systems ranging from
automotive to national defense. Just as estimates of cost and
program timing are critical factors to be known and monitored
during program development, product reliability also needs to
be addressed. The reliability estimate and the uncertainty of
that estimate are an excellent way to provide this
characterization. The PREDICT methodology involves
combining information that ranges from qualitative, such as
expert judgment, to quantitative, such as test data. It is
possible to develop realistic reliability estimates at the

beginning of a new product program, even though hardware is
not available, because a considerable amount of knowledge
exists in the experience base of engineers. This knowledge is
elicited in the form of expert judgment. The process of
estimating reliability proceeds throughout the entire
development program, incorporating information from any
available source (i.e., supplier, customer), about any level of
the product (i.e., subsystem, component). The approach
allows the early characterization of new product reliability
prior to the availability of hardware, and it is updated as the
design evolves. This allows the project team to “keep score”
as they work through the program to design in reliability. The
results may also be used to provide steerage to the project
team with regard to how to drive reliability higher and/or
reduce the uncertainty in reliability.

The challenge has been to develop a framework for
this reliability characterization which is physically, logically,
and mathematically sound. It must also be flexible enough to
accommodate all of the diverse information that becomes
available, and responsive enough to provide timely results
which support the development process. The information
updating approaches (such as those based on Bayes Theorem)
are suggested as key methods directly applicable to this
problem. This paper details a case study of the application of
PREDICT to a new product development program. This work
is an effort to further describe the methodology previously
published by the same authors (Ref. 1, 2). In addition, it
expands the case study described in Ref. 3 by including an
example of the use of fuzzy logic. The methodology involves
the elicitation and analysis of expert judgment, which is used
to quantify the initial reliability estimate including uncertainty,
and the Bayesian updating of the estimate that is applicable
throughout the development program. The whole idea is to
allow new project development teams to effectively address
the reliability issue at the start of the project with the same
focus that they traditionally place on timing, resources and
other issues.
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1.1 Notations

R; reliability characterization of a system , estimated at
time step, i.

f(R;)  probability distribution function of R;, representing

the uncertainty in system reliability.

A failure rate for a component, subsystem or system
(e.g., failures per vehicle per scaled unit of t (years))
and scale parameter of the Weibull distribution.

t time (in years in the examples).
B slope or shape parameter of the Weibull distribution.
R(t) reliability from a two-parameter Weibull distribution.

I[(n)  gamma function, which is the [x™" ¢™ dx from 0 to 1.
0 parameter of interest.

(a,b) two parameters of the beta distribution, sometimes
referred to as the pseudo successes and pseudo
failures, respectively.

p probability of success of a trial.

n number of tests.

(o, M) two parameters of the gamma distribution, sometimes
referred to as the pseudo failures and pseudo total
transformed test time, respectively.
failures.

T total transformed test time (t1B +tP o+ .2

2. OVERVIEW OF RELIABILITY UPDATING
METHODOLOGY

The reliability logic flow diagram (reliability success tree) for

the case study is shown as Figure 1. The base elements of the

system, components A, B, C, and manufacturing process MP,

are all examples taken from the authors’ work on different

systems. The sub-system SS and the overall system S are

fictitious, and they are incorporated here for clarity so that all

of the real world examples may be shown in the same case

study. The organization of this “system” allows several

aspects of PREDICT to be demonstrated in this case study,

including:

1) the development of the appropriate prior distribution for a
product component

2) the development of the appropriate prior distribution for a
manufacturing process

3) the mechanism for dealing with manufacturing “spills”

4) the development of sub-system and system reliabilities at
various times

5) how to perform “what if” studies, and

6) how to process updates at the component and
manufacturing process level, using Bayesian and fuzzy
logic methods.

The reliability of the product (including the
manufacturing process) at any given point in time or at any
given step in the overall development program is what has
been referred to by the term reliability characterization.
“Reliability characterization” includes both the functional
calculation of the reliability (point estimate value) and the
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uncertainty (usually represented by a distribution function)
that accompanies the reliability value.

Either the reliability calculation and/or its uncertainty
distribution can change due to various changes in the
development program (Ref. 4). Changes can occur in both the
product design as well as the manufacturing process, which

can affect the reliability value and/or its associated
uncertainty.
S
SS C MP
[ |
A B

Figure 1. Case Study Reliability Success Tree Diagram

Once a change occurs anywhere in the development
process, a new step (i) is designated and a new reliability, R;
is calculated along with a new uncertainty distribution, f(R;).
The tracking of these reliability snapshots over time is one
method of monitoring how the changes in reliability are
approaching the target value, as part of the validation effort.

At each reliability snapshot, gaps in the current state
of knowledge become apparent, providing the project team
with a rational basis for a strategy for deciding where to
devote future testing and analysis resources (i.e. a reliability
growth plan). In a proactive sense, “what if” analyses allow
the project team to develop the optimal test/analysis and
validation plan given existing constraints of hardware,
facilities, schedule, etc. The power of these “what if”
approximations results from understanding the potential
impact of the test/analysis, and allowing the project team to
judge the usefulness of the effort before it is started.

3. FRAMEWORK

One of the first activities of an organized reliability program is
the construction of a reliability logic flow diagram (reliability
success tree in this case study) representing the structure of the
product under development. The framework of the reliability
characterization involves selecting a mathematical model
representing the failure properties of the elements in that
diagram, making an initial estimate of the parameters
identified in the model, and organizing a methodology for
updating the model parameters as new information becomes
available.

The concept of the “bathtub curve”, in which a
manufactured product’s life span can be represented by infant
mortality, useful life, and wearout, has a long history (Ref. 5).
It is further suggested here that the “infant mortality” is
mainly due to the latent defect sub-population generated
during the manufacturing process, and the “useful life” portion
is primarily due to latent design defects that manifest
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Table 1. Expert Elicitation Results — Components (and related calculations)

IPTV @ 12 MONTHS Beta R @ 12 MONTHS FAILURE RATE - Lambda
BEST MOST  WORST BEST MOST WORST  BEST MOST  WORST
LIKELY LIKFLY LIKFLY
A 0.1 1.0 2.0 0.35 0.9999 0.999 0.998 0.0001 0.001 0.2002
B 0.5 1.5 30.0 0.35 0.9995 0.9985 0.97 0.0005 0.0015  0.03046
C 1.0 30.0 145.0 0.75 0.999 0.97 0.855 0.001 0.03046 _ 0.15665

themselves over the life of the product. Identifying and
addressing the latent defects in these sub-populations is the
objective of a comprehensive design assurance program (Ref.
6). The final portion of the bathtub curve, wearout, is due to
the failure mode(s) that dominate the design life of all of the
manufactured product built to the intended design. A design
assurance program is organized to identify these failure modes
through test to failure, and mitigate their effects by driving
their occurrence beyond useful life. For the purposes of this
case study, any wearout failure modes are assumed to occur
beyond useful life, and are not, therefore discussed here.

The two parameter Weibull may be used to model
both the defect sub-population due to the product design,
components A, B, and C in Figure 1, as well as the defect sub-
population due to the manufacturing process, element MP in
Figure 1 (Ref. 5).

The two-parameter Weibull expression for reliability
is given in eq (1).

R() = exp (- A (1")) (1
This version of the Weibull separates the two parameters and
often simplifies the algebra and the subsequent Bayesian
manipulations (Ref. 7). The challenge is to identify the two
parameters; S (the slope), and 4 (the failure rate per scaled
unit of time) (Ref. 7). Section 4 describes the elicitation of
expert judgment which is used to develop the initial (or prior
information-based) estimate of the model parameters, and also
describes the initial reliability characterization. Section 5
describes the use of Bayes Theorem to update the reliability
characterization by updating the model parameters. Three
examples of updates are provided. One describes reliability
updating when the uncertainty associated with new
information is best characterized using fuzzy logic methods,
and in particular, membership functions.

4. EXPERT JUDGMENT AND THE INITIAL
RELIABILITY CHARACTERIZATION

To obtain an initial overall reliability estimate, Ry, of the
entire system S in the case study, estimates of component and
manufacturing process reliabilities (with uncertainties) were
elicited from teams of subject matter experts. Elicitation of
expert judgment is described in detail in (Ref. 8). Table 1 lists
the information developed for the product components A, B,
and C. Specifically, the anticipated number of incidents per
thousand vehicles (IPTV) were estimated at 12 months of field
use. Estimates were made for the most likely situation, as well
as the best possible and the worst case envisioned. An estimate
was also made of the slope parameter, £ (the decay rate of the
failure rate in the Weibull formulation). No information was
elicited for the subsystem SS, or the system S, whose
reliabilities are defined by the logic flow diagram (Fig. 1),
and the reliabilities of elements A, B, C, and MP.

Table 2 lists the information developed for the
manufacturing process MP. Estimates were made for the most
likely, best, and worst case measures of first time through
defects, as well as the most likely amount of product generated
with latent defects, measured in parts per million (PPM).
Other information developed included estimates of the number
and duration of spills (inspection failures) anticipated, and the
expected location with regard to where the latent defect would
manifest itself (percentage split between the next assembly
plant or the field). Finally, an estimate was made regarding the
anticipated time to failure that would be experienced if the
latent defect were indeed fielded.

To develop component reliabilities for elements A, B,
and C, the estimates for IPTV at 12 months (unreliability)
were converted to failure rate estimates for A using eq (1) and
the estimate for S, also shown in Table 1. Curve fitting
techniques were then used to transform the uncertainty
expressed in the expert elicitations into distributional
information for the failure rate, A. Reliability estimates were
then calculated in a simulation, sampling from the A
distribution. For component C, a distribution of reliability at
36 months (that point being of interest to the project team) was
developed using a Monte Carlo simulation of eq (1) and

Table 2. Expert Elicitation Results — Manufacturing Process (and related calculations)

FIRST TIME THROUGH PPM SPILL SPILL SPILL LOCATION
BEST MOST WORST MOST FREQ TIME % PLANT FIELD  MILES
LIKELY LIKELY
MP 1% 2% 5% 2000 10/ vear 8 hours 0.042 10% 90% 4.000
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0.9 Reliability

Subsystem SS

1.0 0.9 Reliability

Figure 2. Reliability Distributions at 36 Months

distributions for A, as shown in Figure 2. Reliability
distributions for components A and B were also calculated in a
similar manor. Just as Monte Carlo simulations were used to
develop the reliability characterizations for elements A, B, and
C, they are also used to propagate the reliability
characterizations through to subsystem SS (made up of
components A and B in series), as shown in Figure 2. The
same technique may be used to propagate the reliability
characterizations through to the system level, S, as shown in
Figure 3. Note also in Figure 3 that the calculation of
reliability distributions at various times is also straight forward
using eq (1).

With regard to element MP, curve fitting techniques
were again used to transform the uncertainty expressed in the
expert elicitations regarding first time through defects, as
shown in Table 2. That distribution was also scaled to
represent the distribution of generated defects, the most likely
value of which (in PPM) is also shown in Table 2.

The manufacturing process impact on product
reliability is represented by a distribution made up of samples
from both of the aforementioned distributions. The proportion
of each distribution is determined by the estimate of “spill”, or
the period during which process inspections are not
functioning as intended. The spill percentage is calculated
from the estimate of the frequency of spills and their estimated
duration, as shown in Table 2.

The f and A parameters for the defect subpopulation
generated by this manufacturing process are calculated from
eq (1), and the estimates (Table 2) of failed product at time
zero, and the length of time at which the entire subpopulation
is estimated to have failed (two equations in two unknowns).

The impact of the manufacturing process on product
reliability, at 36 months in this case study, is again developed
using eq (1) and Monte Carlo techniques, and is shown in
Figure 2. This information is then available for further
analysis, in the same form as the reliability information
developed for components A, B, and C.

_/

Component C

1.0 0.9 Reliability 1.0

Manufacturing Process MP

5. DESCRIPTION OF UPDATING METHODOLOGY

Pooling data from different sources or of different types (e.g.
tests, process capability studies, engineering judgment) is
usually done with methods that combine the distribution
functions associated with the various information sources.
Bayes Theorem offers one mechanism for such combination.
Bayesian pooling combines information with the following
structure: the existing information (data) forms a distribution,
called the likelihood. That likelihood distribution is formed
from the data/information symbolized by the random variable,
x, and it has characteristics (i.e. parameters), such as a mean.
That parameter(s) is not considered a fixed quantity but
instead, has its own probability distribution, called the prior.
The prior is combined with the likelihood using Bayes
Theorem to form the resulting or posterior distribution. Bayes
Theorem is used to calculate the posterior distribution, g(& |x),
from the likelihood distribution, f(x|&) as shown in eq (2).

g(01x) = [fx]0) g(0)]/] f(x|0) g(6) dO @
where g(@) is the prior distribution on the parameter of
interest, 6. Bayesian combination is often referred to as an
updating process, where new information is combined with
existing information. Simulation methods are often used to
accomplish this Bayesian combination, as well as combine or
propagate uncertainties (represented as distribution functions)
through the logic flow diagram (Ref. 9, 10, 11). This is the
approach taken with this case study. It should be noted that
updating can be done by combination methods other than
Bayes Theorem (Ref. 8).

Three example updates may serve to illustrate these
principles. First, note that there is considerable uncertainty
around component C (Fig. 2) which is reflected in system S
(Fig. 3). The design team chose to redesign component C to
increase the reliability of the part. After the changes the team
estimated that the new design would most likely result in an

0.5 Reliability 1.0

12 Months

0.5 Reliability

36 Months

Figure 3. System S Reliability Distributions
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0.8 1.0 0.8 Reliability 1.0

Update R;

Reliability
Initial Ro

Figure 4. System S Reliability Distributions — 36 Months

experience of 1.00 IPTV after 12 months of field use, and the
same value of # (the Weibull slope). Likewise, the best and
worst cases were estimated at 0.01 and 10 IPTV, respectively.
This resulted in a new prior distribution of 4 (the failure rate)
for component C (substituted for the old), and is one of the
simplest updates possible. The resulting reliability
characterizations for component C and the system S at 36
months of field use were calculated as described in Section 4.

0.8 Reliability 1.0 0.8 1.0

Update R, — “What if”

Reliability
Update R; - Fuzzy

system S is component B (note the extended “tail” in the
distribution of subsystem SS in Figure 2, and the data in Table
1). That particular design team proposed to conduct a
significant test of the part because of the uncertainty of its
performance. They asked how much reduction in uncertainty
would occur “if” a test of 38 samples were conducted for
185,000 miles, resulting in zero failures. This data would
serve as the likelihood in Bayes Theorem. Because the data

Table 3. "If Then" Rules for Mapping Knowledge to Reliability

MEMBERSHIP IF THEN MEMBERSHIP
FUNCTION ANTICIPATED PROBLEMS ARE RELIABILITY IS FUNCTION
a Very small Excellent A
b Okay Nominal B
c Moderate Poor C
d Large Unacceptable D
e Extremely large Ridiculous E

The initial reliability distribution for the system S (Ry) and the
resulting distribution after this first update (R;) are shown in
Figure 4 (at 36 months). Note the reduction in uncertainty and
the obvious improvement in estimated reliability.

A second update is illustrative of the Bayesian
methodology as a tool for planning tests by asking “what if”
questions. The logical place for further improvement of

would be in the form of failures per total time on test, it could
be used as a likelihood with a conjugate prior distribution for
A and combined using a Monte Carlo simulation as further
described in Ref. 2. The resulting posterior distribution of A4
would then be used to calculate the reliability distribution at
36 months. The same simulation would propagate the
reliability characterization to the subsystem SS and the system

1
~ e
N
J -
.9_0.8 N - T a
= N ~ L’
¢ 0.6 - ~ .7 —-b
(] N < ’
o RN —c
E0.4 - ~ d
2 o . =
0.2 1 - AN —- €
- S
0 : : =
Very small Ok Moderate Large Extremely large
Anticipated Problems - 36 Months
Figure 5. Anticipated Problems Membership Functions
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1
0.8 | A
- B
0.6
C
0.4
- 7D
0.2
=
0
Ridiculous Unacceptable Poor Nominal Excellent
0 Reliability — 36 Months 1

Figure 6. Reliability Membership Functions

S, as described above. The result of running such a simulation
for this proposed test is shown as the second update (R, —
“What if”) in Figure 4. Note that the median reliability
improves slightly, but the uncertainty is reduced substantially,
and this attribute causes an overall significant improvement in
reliability, making the actual planning and running of the test a
viable option.

For a third updating example, suppose the focus is
again on component B. But this time new information
becomes available from the engineering judgment of the
supplier who provides component B. The supplier’s continued
development of the component brings to light some issues not
considered in the team’s judgments used to formulate the
prior, yet the prior information is still relevant for inclusion
into the analysis. The new information also represents the
supplier’s different way of modeling the component’s
reliability and involves uncertainties that are less quantitative
in nature. The supplier does not wish to think in terms of the
Weibull model in eq. (1), but instead formulates “if then” rules
that directly map his feeling of the design into reliability. For
example, “if” anticipated problems are very small, “then”
reliability is very good. Table 3 illustrates such a rule base.
The uncertainties associated with using verbal descriptions can
be quantified using methods from fuzzy logic based on
Zadeh’s fuzzy set theory (Ref. 12). Membership functions
(Figures 5 and 6) provide the quantification mechanism for
both linguistic terms and reliability descriptors at 36 months.

Specifically, the triangular membership functions in
Figure 5 are for five levels (a-e) of verbal descriptions
corresponding to the linguistic terms shown in Table 3 {very
small, okay, moderate, large and extremely large}. Similarly,
the normal appearing membership functions in Figure 6
indicate the five levels (A-E) for reliability corresponding to
the additional linguistic terms in Table 3 {excellent, nominal,
poor, unacceptable, ridiculous}. The reliability membership
functions are normal distributions without a scale factor such
that they range from 0 to 1 for membership values. Five rules
(Table 3) define mapping of the supplier’s feeling of the
design into reliability: if anticipated problems are very small
(a), then reliability is excellent (A), and so on. It should be
noted that the “if then” rules and membership functions may
apply to many different components or be specific to one
component / process.
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The supplier tells us that the range of anticipated
problems with component B at 36 months varies from almost
none to very small, such that in the worst case they have
membership of 0.67 in (a) and 0.33 in (b). Using the rules, the
defined anticipated problem membership values are mapped
into reliability level (A) with a weight of 0.67 and reliability
level (B) with a weight of 0.33. In fuzzy control system
methods, the membership functions for reliability levels (A)
and (B) are combined based on the weights 0.67 and 0.33.
This combined membership function is reduced to a single
value (in this case the median) in a process called
“defuzzification.” The resulting reliability in this case is 0.98.
Reliabilities for the lower limit and most likely values of
anticipated problems were similarly calculated to form the
basis of an wuncertainty distribution for -characterizing
reliability for component B.

To update component B in light of the new
information from the supplier, the question becomes how to
combine the supplier’s fuzzy generated reliability uncertainty
distribution with the probability distribution function
formulated from the team’s prior information. It can be shown
that Bayes Theorem is again useful in a theoretical sense for
solving this problem because membership functions can be
treated as likelihoods (Ref. 13, chapter 2). Therefore, the new
information from the supplier’s rules and fuzzy membership
functions can be used to form a likelihood distribution
function for reliability that may be combined with the
reliability distribution function provided by the team’s prior
information.

The supplier’s fuzzy generated reliability uncertainty
distribution was used as the likelihood for the Bayesian
updating of the prior. The change in reliability of component
B after this update is similar to that of the previous update for
the proposed 38 tests, and is shown as the third update (R, —
Fuzzy) in Figure 4. The uncertainty after the fuzzy update is
reduced, while the median remains essentially the same. The
similarity between the results of the “what if” update and the
fuzzy update is noteworthy because it illustrates the fact that
information of any type (test, judgment, computer simulation)
can be valuable in achieving the goals of reducing uncertainty
and improving reliability.
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Although the use of fuzzy logic may be quite helpful
in applications where only qualitative information is available,
direct updates using quantitative data are always possible as
described in Ref. 3. In addition, useful approximations exist
that are helpful for planning purposes involving potential
component tests and manufacturing process capability studies.
These are also described in detail in Ref. 3.

Characterizing with large uncertainty the initial
reliability of a new product under development, and then
working to reduce that uncertainty has been found to be a
culturally acceptable way to address the reliability issue. The
PREDICT methodology may prove useful in facilitating this
approach. The methodology is flexible enough to integrate
information at various stages of product development,
including the asking of “what if” questions. Also, as has been
shown, updates of various types are possible, including
information that is fuzzy in nature. If application of this
methodology further assists a project team in successfully
including the reliability issue earlier in its day to day activities
involving performance, cost, and timeliness, it will prove to be
a powerful additional tool in the development of a high
reliability product.
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