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Model-Based Reliability Analysis
Rene L. Bierbaum, Member, IEEE, Thomas D. Brown, and Thomas J. Kerschen

Abstract—Testing has typically been a key means of de-
tecting anomalous performance and of providing a foundation
for estimating reliability for weapon systems. The objective of
model-based reliability analysis (MBRA) is to identify ways to
capitalize on the insights gained from physical-response modeling
both to supplement the information obtained from testing and to
better-understand test results.

Five general MBRA processes are identified which can capitalize
on physical response modeling results to make both quantitative
and qualitative statements about product reliability. A case study
that explores 1 of these 5 processes was completed and is described
in detail. It had the benefits:

• MBRA can be used to determine a performance baseline
against which current and future test results can be com-
pared.

• During the design process, MBRA can provide tradeoff
studies such that development time and required test assets
can be reduced.

• MBRA can be used to evaluate the impact of production
and part changes, as well as aging degradation, if they arise
during the product life cycle.

• MBRA lays the foundation to evaluate anomalies that are ob-
served in a test program. Typically it has been challenging to
determine how anomalous behavior can manifest itself under
different—but still valid—conditions. One can use modeling
to inject hypothesized behaviors under different conditions
and observe the consequences.

Index Terms—CAD/CAE/CAM/CIM, design margin, electrical
modeling, life prediction, modeling, SPICE, weapon system.
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DMA design margin analysis
ESD environmental sensing devices
LHS Latin hypercube sampling
MBRA model-based reliability analysis
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SNL Sandia National Laboratories
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STS stockpile-to target sequence
TSSG trajectory sensing signal generator
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I. INTRODUCTION

RECENT improvements in physical-response modeling
capabilities coupled with declining resources for develop-

ment and qualification of new product, causes one to examine
new means by which nontraditional data and knowledge
obtained from modeling can be used to make inferences about
reliability. The purpose of MBRA is to identify the areas where
modeling can supplement the current reliability assessment
methodology, which is based primarily on using product test
data obtained at various levels of assembly and under various
environmental conditions.

Five general areas by which modeling can assist in reliability
analysis are described. Then a specific case study applying one
of the elements of this framework to a weapon component is
described. The insights gained, as well as the limitations and
caveats of the MBRA approach, are discussed. Finally, the next
steps in the MBRA project are delineated.

The initial application for MBRA has been the simulation of
electrical systems using a variant of the SPICE code. There is a
large body of existing literature on the use of electrical-circuit
physical-response modeling in the context of reliability. Many
of the tools and techniques share the following 2 characteristics:

1) Focusing on modeling at least 1 time-dependent failure
mechanism at the transistor or integrated circuit level.

2) Allowing incorporation of these time-dependent effects
into relatively simple circuits.

A review article [1] highlights the current state of the tools
and capabilities. The most widely used of these tools is BERT
[2], which offers analysis capabilities for several classes of
failure mechanisms in the context of a circuit. There are many
published applications and extensions of BERT [3]–[7]. There
are numerous other modeling tools that examine a single time-
or temperature-dependent failure mechanism [8]–[12], also in
a circuit context. There are also many modeling approaches
for examining time-dependent behavior of selected electrical
devices, e.g., [13], [14]. To our knowledge, MBRA is unique
in its approach of examining both static and time-dependent
behavior in the context of system-wide variability.

II. BACKGROUND

The role of modeling in the reliability analysis process at SNL
is driven by

• the nature of the product being analyzed,
• the specific way in which SNL defines reliability,
• the product test program,
• the current assessment approach.

The products are weapon systems that spend much of their mul-
tidecade lives in dormant storage. Although some of the sub-
assemblies can be operated repeatedly, the weapon system is
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essentially a 1-shot device. Further complicating the reliability
analysis is that, due to treaty limitations, the weapon systems
cannot be fully exercised.

The customer for these systems wants to know the reliability
of the weapon systems in the operational context. Thus relia-
bility is defined as:

The probability of achieving:
• the specified explosive output (“yield”),
• at the target,
• across the STS environments,
• throughout the weapon’s lifetime.

Conditions:
• The specified inputs and conditions at the interfaces

are present.
• The normal environments specified by the STS have

not been exceeded.
• The specified lifetime has not been exceeded.

The STS defines the various environments to which the
weapon system could be exposed during its normal lifetime,
and includes transportation, handling, storage, and operational
use environments. The types of environments experienced
range from mechanical vibration and shock, temperature, and
humidity to ionizing radiation.

There are some challenging consequences of defining relia-
bility in this fashion. The definition implies that we must as-
sume that exposure to the worst-case set of normal STS
environments . A realistic lower bound on reliability is
needed that applies to the entire range of conditions that the
weapon system can experience. Hence the test program must
span the range of environmental conditions as well as the set of
weapon operational capabilities. This results in a very large state
space to explore, particularly when the “throughout the lifetime”
constraint is added. This is shown in Fig. 1. Each test that is per-
formed gives information about a very limited area of this state
space. Modeling can be important in leveraging these test data
by allowing extrapolation of these test results to an expanded set
of conditions.

Another challenge posed by the reliability definition arises in
how success is defined. The desire to relate success to “yield at
the target” when such a full-up test cannot be performed means
that success must always be inferred. Ideally, pass/fail speci-
fications for testing at each level of assembly are tied to this
high-level definition of success, but this is difficult in practice.
Here again, modeling can be important in developing test spec-
ification limits that are better related to system success.

In the context of multidecade weapon-system lifetimes,
degradation due to aging is a concern. There is a major
program at SNL examining age-related changes of mate-
rials and pieceparts to provide a predictive capability. One
of the important challenges of this effort is relating any
observed degradation at the material and piece-part level
to weapon-system performance (yield at the target). These
degradation mechanisms can be pervasive throughout a system,
further complicating the analysis. These inferences are difficult,
and modeling provides an avenue by which the impact of these
changes can be evaluated in a system context to determine if
they affect reliability or simply reduce design margin.

Fig. 1. Weapon system reliability state space.

The current reliability assessment approach uses data from
a broad set of tests that are performed at various levels of as-
sembly, under various environmental conditions, and with var-
ious operational objectives. This test diversity allows for de-
fect-detection across the state space, but it also means that not
every test can detect each of the defects present in the weapon
systems. The reliability analyst must decide which test data are
relevant when doing an assessment. This in turn requires an
in-depth root-cause analysis for each defect to help determine
whether or not it could be detected in each of the test pro-
grams. Modeling provides an excellent avenue to assist with
the root-cause analysis. Modeling can also be used to evaluate
the generalized effect of an observed anomaly; through mod-
eling, one can vary the characteristics of an anomaly, such as
its severity or where it is manifested, to examine its impact in a
broader sense.

In summary, the current reliability assessment approach is
based upon a diverse test program in which root-cause analysis
plays a key role. The desire to capitalize on the information
obtained through modeling (to aid in prediction of the impact
of aging phenomena, to supplement the existing test data, and
to understand better the data already acquired) is the motivation
behind the MBRA effort. This is particularly important because
resources for testing are becoming scarcer.

III. MBRA F RAMEWORK

To develop the MBRA framework, reliability activities as a
function of product life cycle were reviewed, and areas where
the capabilities provided by MBRA could be applied were de-
termined. This review identified 5 general MBRA processes:

• DMA
• Specification Limit Analysis
• Lifetime Prediction
• Anomaly Investigation
• Probability Quantification.

These are areas where physical-response modeling can be im-
portant in providing cost-effective insights into reliability.

A. DMA

DMA has, perhaps, the lowest technical risk of any of the pro-
cesses with potentially a large payoff. It can be used at almost
any stage of the product lifecycle when there is a desire to either
quantify or to improve the performance margin of a system or
subsystem. In MBRA, physical response modeling (in conjunc-
tion with validation testing) is used to explore the performance
state-space of a system and to identify key contributors to per-
formance. DMA serves as a foundation for each of the other
MBRA processes.
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Design margin for weapon systems has historically been de-
termined (and improved) using an iterative process. A design
is generated, and then development hardware is built and char-
acterized. The amount of design margin is dictated by the re-
quirements, but generally these continue to be negotiated during
the design and development phase as the actual capabilities of
the hardware become clearer. The process of finalizing require-
ments can be prolonged as the design evolves.

The key difference in the new MBRA approach is that mod-
eling is used to explore the state space in a systematic manner
rather than relying on small quantities of hardware tests for
which conditions are difficult or impossible to control. The pro-
posed process is described here for a particular example: deter-
mining the margin of an electrical subsystem using the SPICE
tool. The approach is similar for other modeling disciplines and
could be extended to multidisciplinary modeling when techni-
cally and computationally feasible.

Proposed Process:

1) Identify scope of analysis.
Identify the hardware to be analyzed, as well as the in-

terfaces (electrical sources and loads) that could influence
the behavior of that hardware. The case-study approach
was to emulate, to the degree possible, the production ac-
ceptance test conditions (including inputs, loads, environ-
ments, monitoring points, specific measurements, and the
range of allowable values for those measurements) that
are detailed in the PS document. This helped to delineate
clearly the scope of the modeling effort.

2) Identify key response variables.
Identify the key outputs of the hardware that require

analysis. Existing test definitions can also provide helpful
guidance in this step. For the case study in Section IV,
the PS documents were used to identify the key response
variables.

3) Plan variability study.
Identify input parameters that could be contributors to

the variability of the key response variables. These input
parameters are generally device attributes, such as the
resistance of resistors. Some semiconductor devices can
have a large set of input parameters that describe their be-
havior. Then one must determine the phenomenologies of
interest. For electrical circuits this could include temper-
ature, ionizing radiation, and aging. These are the condi-
tions which one wishes to vary to determine their effect
upon the key response variables. In all cases, tolerances of
electrical parts should be a part of the analysis unless ex-
plicit rationale is given to exclude them. These tolerances
can also be coupled with the phenomenologies, e.g., tol-
erance bands might change with temperature. Finally, de-
termine the range of interface conditions to be analyzed;
these too can depend upon the phenomenologies, e.g., cir-
cuit loads might change with temperature.

4) Gather needed device-model data.
Based upon both the nature of the analysis and the phe-

nomenologies of interest, appropriate SPICE models for
the devices must be obtained. For this step, one must also
make any needed assumptions about parameter distribu-
tions and whether any input parameters are correlated.

Both of these are important in ensuring that the output
variability is based upon realistic input parameter ranges
and combinations.

5) Develop model and validate.
The device models must be combined into a subsystem

model having the proper scope. The subsystem model
must be exercised to ensure that it works properly and
yields correct results. This is often done by comparing
model results with results of testing performed under
nominal conditions. Full model validation requires
further study. To some extent existing test data can
provide validation information, but generally it is highly
advantageous to design an experimental program tailored
to the validation exercise at hand.

6) Run variability study.
One can use Design of Experiments, Monte Carlo ap-

proaches, Response Surface Methods, etc., to analyze de-
sign margins. Each has specific advantages and disadvan-
tages. To date LHS has been used for MBRA. LHS is a
type of stratified Monte Carlo sampling that helps ensure
efficient coverage of the input parameter distributions.
LHS is used in the case study to select values for each of
the input parameters of interest (e.g., the resistance value
for each of the resistors) to build the set of simulation
runs. These input vectors are then embedded into SPICE
netlists and executed. The output of the SPICE transient
analysis tool is a set of waveforms for each of the cir-
cuit nodes describing behavior (current and voltage) as a
function of time. Since generally a single attribute of the
waveform (such as maximum value or rise time) is desired
to characterize the response, customized post-processing
software is needed to extract the attribute of interest from
the waveform data.

7) Analyze results.
One of the major outcomes of a design-margin study is

a histogram of the values that the key response variables
can assume. Other useful calculations include correlation
coefficients that help to identify the key contributors to
the output and its variability. It is very helpful and pru-
dent to examine the scatter plots that show the relation-
ship between each of the input parameters and each of
the response variables.

These results can be used in three ways.

a) To identify meaningful specifications for the subsystem
being analyzed (this is described in more detail in Sec-
tion III-B).

b) To target improvements. Parameters that affect the output
variability most can perhaps be screened to minimize the
variability they contribute; alternatively, other parts can
be selected that demonstrate more stable performance.
This analysis might set the stage for a circuit optimiza-
tion study once the key contributors to the outputs have
been identified.

c) The modeling performed during the DMA process pro-
vides a foundation for future analyzes, such as lifetime
predictions or anomaly investigations (described in Sec-
tions III-C and III-D).
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There are several anticipated benefits of using the MBRA
DMA process. It can provide focus for resource allocation,
aiding in decisions about what parts to upgrade or screen. It
can also be used to evaluate the impact of production and part
changes if they do become necessary. Most importantly, the
design margin will be improved. Although this might not be a
quantifiable reliability improvement, it is obviously desirable
and makes the subsystem more resilient to changes in external
conditions and changes over time.

There are three risks in using this process:

• The model might fail to include all parameters that influ-
ence output and output-variability.

• The parameters that are included might not have their vari-
ability quantified correctly.

• Failure to identify existing -correlations between input
variables can cause misleading results.

B. Specification Limit Analysis

One of the variants of the DMA process is setting realistic test
specification limits. This could result in appreciable cost sav-
ings. The cost of overly conservative specification limits can be
very high due to: excess scrap and rework, unneeded inspection
and screening, and selection of more expensive parts. Specifica-
tions that are not tight enough can lead to unanticipated failure;
even worse, these unanticipated failures might not be easily de-
tected in a test program.

There is an important reliability implication to setting speci-
fications. As mentioned in Section II system success or failure
must be inferred by comparing subsystem performance to the
specifications, because full-up tests cannot be conducted. There
have been numerous anomalies for which the focus of the inves-
tigation was understanding how realistic the specifications were
and whether they really related to system success/failure. The
subsystem might have failed the specification limit but would
not have prevented the system from working. These investiga-
tions can be very costly and time-consuming.

Currently, specification limits for subsystems are negotiated
using a combination of “knowledge gained through develop-
ment hardware characterization” and the “bounds dictated by
the interface requirements.” This is an evolutionary process and
can lead to overly stringent requirements because of the limited
data available.

The MBRA Specification Limit Analysis builds on the DMA
process. The first step in establishing specifications is quanti-
fying the design margin of the subsystem as described in Sec-
tion III-A. Using the information derived from that exercise,
specification limits can be defined. First, the acceptable output
level must be determined. This is based on both the interface
and operational requirements. Then specification limits can be
placed on the parameters, focusing primarily on those that con-
tribute most to the output and the output variability. During
this process, it must be determined if variability needs to be
reduced (and if it can be reduced) or if additional margin is
needed. If variability can be reduced, it might be possible to re-
turn more margin to the system, allowing another subsystem to
have greater variability.

C. Lifetime Prediction

Lifetime is a key decision-making and resource-allocation
metric for weapon systems, and improved means of predicting
the impact of age-related changes are critical. The MBRA
approach allows incorporating models of material or piece-part
degradation into a subassembly- or system-level context.
This also provides a framework to evaluate pervasive aging
throughout the system, e.g., if multiple pieceparts are changing
with time.

Lifetime prediction is necessary:

1) During design development. The most obvious issue is
that of the need for planned replacement for components
that are known to have a limited life. A combination of
testing and analysis has been done to determine if planned
replacement was needed and when it would be needed.

2) During investigation of an anomaly. It is necessary to de-
termine if the anomaly is time-dependent. If it is, the an-
ticipated failure probability as a function of time must be
estimated such that a decision regarding corrective action
can be made. Again, testing and analysis have been re-
lied upon to answer these questions. Because unantici-
pated retrofits are costly and difficult, credible and accu-
rate lifetime prediction is essential.

The MBRA approach capitalizes on modeling aging behav-
iors that can be done at either the basic material or piece-part
level. The 4 process-steps are:

1) Analyze the subsystem or system for key contributors
using the MBRA DMA process. Parameters should be in-
cluded that are prone to variation and/or are suspected to
affect system output and variability.

2) Develop a model of behavior as a function of age. This
can be physics-based and/or empirical. Although it will
often be at the piece-part level, it could be at any level of
assembly: piece-part, printed wiring board, subsystem, or
system.

3) Incorporate the models developed in step 2) for all crit-
ical age-related variables as identified in step 1), into a
subsystem or system model.

4) Exercise the model as a function of time and examine
the outputs to see if specifications are not met at some
time point. This will predict lifetime. This could then be
extended to examine reliability as a function of time.

This process allows for more informed choices of materials
and parts during design, based on the MBRA modeling results.
Critical parameters can be identified for on-going monitoring.
There is a much better understanding of design margin as a func-
tion of age, and cost/lifetime tradeoff studies can be performed.

D. Anomaly Investigation

Physical-response modeling is a good choice for investigating
anomalies, and a variety of tools have been used for this appli-
cation. Modeling is a cost-effective way to:

• perform root-cause analysis,
• examine the effect of an anomaly in a general sense,
• identify fixes.

Modeling can also help to focus on what tests need to be per-
formed and how to perform these tests.
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MBRA offers a more formalized approach to modeling in the
context of anomaly investigation, as well as integrated tools to
perform the analyzes. The process in this paper has three steps:

1) Develop a model with adequate detail (as for the DMA)
to emulate the anomalous results.

2) Postulate root-causes and inject them into the model;
compare with the observed anomaly and add to the list of
possible sets of anomalous behavior if they are similar.

3) After generating a set of anomalous behaviors, it is neces-
sary to determine their impact. Recall that specific anom-
alies themselves might not lead to system failure. How-
ever, they might be indicators that other units similarly af-
flicted could be failures due to different environments or
different interface-conditions. Thus a critical role of mod-
eling is taking each anomalous behavior and developing
a generalized view of its impact. Each type of anomalous
behavior should be exploredvis-a-visthe sources of vari-
ability, the different environments that can be anticipated,
and the interface conditions that might be experienced.
Any time-dependence must also be examined. The rele-
vance of this anomaly to other parts or technologies must
be examined to identify any other impacts.

There are important advantages to this proposed approach.
Modeling is a much less expensive way to gain insight than
testing. Parameters are easily controlled, and monitoring can be
done unobtrusively. The ability to inject faults without other-
wise affecting performance is particularly useful. Typically it
has been challenging to determine the generalized impact of an
anomaly: how the observed anomalous behavior can manifest it-
self in other components, under different environments, and for
other weapon capabilities. Use of a modeling framework allows
easy injection of the behavior under these different conditions to
observe the consequences. This would be prohibitively expen-
sive to do with hardware in most cases.

E. Probability Quantification

Probability quantification is the culminating step of MBRA,
but it also carries with it the highest technical risk. In order to
use physical response modeling results directly to make relia-
bility statements, it is essential to minimize uncertainty in the
results and to ensure that all salient factors are included. The re-
sults must be highly credible when major allocation of resources
can be at stake. It is anticipated that initially the MBRA process
for probability quantification will be used sparingly or in con-
junction with other methods until its credibility is validated.

Probability quantification builds on the other MBRA pro-
cesses, most importantly the DMA. It is more demanding,
though, in the sense that one can tolerate uncertainty in design
margin analysis because the goal is typically understanding
relative (rather than absolute) margin.

The probability quantification process in general is very sim-
ilar to that used for the DMA. However, the final step is to com-
pare the output distributions of the key response variables to
specified success/failure criteria to determine reliability.

There are several risks to probability quantification. The need
for high credibility has already been discussed. Understanding
the sources and magnitude of the uncertainty is an enormous

technical challenge. The cost to validate the model results could
be substantial. There is always a risk that the model has not
captured all of the key factors. These could lead to misleading
results and improper allocation of resources.

Despite the technical challenges noted here, we strongly rec-
ommend that this process be explored thoroughly. A careful ap-
proach with thorough consideration of uncertainty is essential.

IV. MBRA CASE STUDY

The MBRA DMA process was used to examine an electro-
mechanical device used in a weapon system. Results to date are
described in this section, along with the details of the approach.

A. Focus of the Analysis

The device being examined is a TSSG, and is a member of
the general ESD class of components designed by SNL. These
are very specialized devices whose purpose is to detect an ac-
tual use environment and then to cause contacts to be closed,
allowing for weapon operation. In the absence of the actual use
environment, these devices “reject” other environments and the
contacts remain open. An ESD helps to ensure that the weapon
system does not operate except when intended.

The function of the TSSG is to detect an acceleration of a cer-
tain level and duration, upon which a relay is closed. This relay
then provides an electrical path for 2 coded pulse-trains that are
amplified by the TSSG before being sent to an electromechan-
ical rotary switch that causes contacts to be closed upon receipt
of the proper pulse-trains. The TSSG senses acceleration using a
rolamite (a mechanism consisting of rollers and a flexible band);
the duration of the acceleration is measured using a simple re-
sistor–capacitor charging circuit as a timer. The 3 general func-
tions of the TSSG are thus measuring: acceleration, timing, and
amplification.

TSSG has been fielded for almost 20 years; thus there are
extensive test-data available including:

• 100% production acceptance tests,
• sample production acceptance tests at environmental ex-

tremes,
• sample testing done as part of the on-going surveillance

program at SNL.

The TSSG Product Specification was used to define the scope
of the modeling effort—including inputs, loads, environments,
monitoring points, and specific measurements.

B. Modeling Issues

A model of the TSSG was built using a commercially avail-
able version of the SPICE electrical simulation software. The
model was then converted to run using SNL’s ChileSPICE. The
primary motivation for using ChileSPICE is that it offers the ca-
pability of running in a multiprocessor environment; this appre-
ciably shortens execution time when doing variability analyzes
that can require hundreds of simulation code runs.

Some of the pieceparts in the TSSG are mechanical and are
thus modeled in a simplistic fashion (e.g., the rolamites are
modeled as simple switches). The electrical pieceparts, how-
ever, are modeled in a relatively detailed manner using typical
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SPICE constructs to describe their electrical behavior. The elec-
trical models for these devices also include temperature depen-
dence and tolerance information. Customized post-processing
software was developed to extract the attributes of interest from
the SPICE current and voltage waveform data.

C. Results to Date

The measurements relating to TSSG amplifier operation were
examined first, because we felt that the amplifier model was
the most mature and had the best fidelity. The PS called out
4 different measurements to verify correct amplifier operation,
shown notionally in Fig. 2.

Three studies have been completed to date to determine:

• variability,
• key contributors to variability at each temperature,
• key contributors to the temperature dependent behavior.

See Sections IV-C-1–IV-C-3.
1) Variability Study: Because the PS called out tests at 3

temperatures (55 C, 25 C, 75 C), the temperature-depen-
dent model was also run under these conditions. Also, the tol-
erance information was used to develop distributions for the
passive devices (resistors and capacitors). The passive-device
values (resistance and capacitance) were assumed to be uni-
formly distributed across the specified tolerance band. The ac-
tual distribution is unknown but could differ appreciably from
the usual assumption of a Gaussian distribution due to the typ-
ical practice of removing and separately marketing electrical
parts that meet various tolerance screens. Thus a uniform distri-
bution was selected to ensure equal coverage of the entire toler-
ance range. For the semiconductor devices, high, low, and nom-
inal models were used to represent the tolerance variability.

A SNL-developed sensitivity and uncertainty analysis tool,
SUNS®, generated the variability-analysis test cases. The goal
of the analysis was to use modeling to determine the range of
output values that could be anticipated, given the tolerance and
temperature-dependence of the various input parameters. LHS
sampling was used to generate a set of simulation runs that
would emulate the unit-to-unit variability and temperature-de-
pendence that would be observed in actual hardware. The input
parameter values were inserted into ChileSPICE netlists, which
were then executed on a multiprocessor computer. The relevant
outputs were extracted from the ChileSPICE output waveforms
and processed using SUNS®.

Fig. 3 compares the production data and modeling results for
the D1Q1 measurements—the measured delay time between the
input and output signals. The limits on the graph are the speci-
fications in the PS for D1Q1. The whiskers in the graph encom-
pass the middle 80% of the data distribution, with data values
outside of this range shown as individual points. The boxes en-
compass the middle 50% of the data range, and the line in the
box is the median value of the data. One test-data point taken at
75 C failed to meet the specification; it is shown outside of the
PS limits in the graph in Fig. 3. As shown in Fig. 3, the range
of the results obtained from modeling bounds the test results at

55 C and at 25 C. However this is not the case at 75C,
where the distribution of test results does not match well with
the distribution of model results. Model validation is still un-
derway to determine the reason for this difference.

Fig. 2. TSSG model outputs (amplifier operation).

Fig. 3. Comparison of model and test-results for D1Q1.

2) Key Contributors to Variability at Each Tempera-
ture: Fig. 3 shows there is variability in the model results
at each temperature. A study was done to identify the key
contributors to that variability. The SUNS® tool allows one to
examine -correlations between input and output parameters.
This provides the capability of identifying important contrib-
utors to the outputs of interest, as well as the nature of the
contribution, i.e., if the parameters are positively correlated or
negatively correlated with the outputs.

Fig. 4 shows the results of this study for the D1Q1 measure-
ment. The results from Fig. 3 are repeated; shown beneath them
are the results (at each temperature) of the-correlation study.
The simple -correlation coefficients are plotted for several of
the inputs and D1Q1.

For the 55 C case in Fig. 4, the capacitor C102
(CBH1_C102) has a -correlation coefficient greater than
0.9, indicating that it is a strong contributor to the variability
of the D1Q1 measurement at55 C. The scatter plot for
C102 and D1Q1 at 55 C is shown on the right, illustrating
the important relationship between the input C102 and the
output D1Q1. As the capacitance value of C102 increases, the
D1Q1 increases. This example shows that an increase in the
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Fig. 4. Analysis of key contributors at each temperature for D1Q1.

Fig. 5. Key contributors to 2 measurement.

capacitance of C102 could cause D1Q1 to exceed the PS limit
at low temperatures. Similar analyzes are done for each of the
measurements.

Fig. 5 shows the same type of analysis for another of the
measurements, V1NA. The key contributor is different for this
measurement, which raises an important point. There might be
multiple key measurements that quantify the performance of a
particular subsystem. Because these measurements might de-
pend on different variables, changes made to variables to op-
timize them for a particular measurement should not be made
without considering how these changes might affect other mea-
surements.

An importance study, such as that just described, can be a
valuable tool during both design and field life of a product.
During design, one can identify areas where investing in tighter
specifications for a part will have the most impact. It provides
insight into testing opportunities, both during design and for
field-tests. For products where aging is a concern, an importance
study can help identify key investment areas for aging research.

3) Contributors to Temperature Dependence:Section IV-
C-2 identified the key contributors to performance at each tem-
perature. The next step is to determine the key contributors to
the temperature dependence. Fig. 3 shows that the center value
of the distribution of D1Q1, as well as its variability, appears to
be a function of temperature.

This analysis was very similar to that described in Sec-
tion IV-C-2. The critical difference is that the part-parameter
distributions for the study were chosen to reflect values that
they could assume over the entire temperature range of interest.
This is slightly different from the previous study, where the pa-
rameter distributions represented values that parameters could
assume due to usual variability but at a fixed temperature. In
essence, for this study the temperature of each part was selected
randomly; this results in input parameters that represent each
part at a different temperature for a single simulation run. This
does not represent a realistic scenario, and the results of the
variability analysis should be used only with great caution.
However, doing the importance study in this fashion can high-
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Fig. 6. Key contributors to temperature-dependence for D1Q1.

light which parts most influence the temperature dependence
of the output.

Fig. 6 shows the results: the output of the variability study is
displayed, along with the results of the-correlation study. The
scatter plot of D1Q1 and the main contributor, transistor Q106,
is also shown. The behavior of transistor Q106 as a function of
temperature is negatively-correlated with D1Q1: as the tem-
perature of transistor Q106 increases, D1Q1 decreases.

4) Implications and Observations:Exercise of the MBRA
DMA process for the TSSG provides important insight into the
anticipated performance-range of the TSSG. The results of the
analysis provide a baseline to which future test results can be
compared. The important contributors to the performance and
variability have been identified. The SPICE model that has been
developed for the DMA can serve as a foundation for lifetime
studies or anomaly investigations when concerns about defects
or aging arise. However, considerable effort was invested to
create the SPICE model, and it is too early to know if the re-
turn-on-investment is adequate.

An important step being pursued is that of validation of the
model results using the data already acquired. Once the model
is validated, the MBRA Design Margin and Specification Limit
Analyzes to identify key parameters and examine specifications
can proceed for the TSSG. Longer-term goals include analysis
of the TSSG in conjunction with its interfaces to examine
synergistic effects. It is also planned eventually to incorporate
other physical response modeling domains (e.g., mechanical or
thermal).

ACKNOWLEDGMENT

The authors would like to thank those at SNL who partic-
ipated in this effort. In particular, M. Caldwell, S. Choi, E.
Collins, C. Harjes, K. Marx, D. Smith, and J. Tenney provided
invaluable support. Thanks also go to the two referees who
provided many helpful comments regarding the scope and
organization of this paper.

REFERENCES

[1] A. Mathewson, P. O’Sullivan, and A. Concannonet al., “Modeling and
simulation of reliability for design,”Microelectron. Eng., vol. 49, pp.
95–117, Nov. 1999.

[2] R. H. Tu, E. Rosenbaum, and W. Y. Chauet al., “Berkeley reliability
tools—BERT,” IEEE Trans. Computer-Aided Design of Integrat. Cir-
cuits Syst., vol. 12, pp. 1524–1534, Oct. 1993.

[3] P. Pavan, R. H. Tu, and E. R. Minamiet al., “A complete radiation re-
liability software simulator,”IEEE Trans. Nuclear Science, vol. 41, pp.
3619–2630, Dec. 1994.

[4] E. R. Minami, S. B. Kuusinene, and E. Rosenbaumet al., “Circuit-level
simulation of TDDB failure in digital CMOS circuits,”IEEE Trans.
Semiconduct. Manufact., vol. 8, pp. 370–374, Aug. 1995.

[5] N. Koike, H. Nishimura, and M. Takeoet al., “Hot-carrier aging simula-
tions of a voltage controlled oscillator,”IEICE Trans. Electronics, vol.
E79, pp. 1285–1288, Sept. 1996.

[6] P. M. Lee, T. Seo, and K. Iseet al., “Application of circuit-level hot-car-
rier reliability simulation to memory design,”IEICE Trans. Electronics,
vol. E81, pp. 595–601, Apr. 1998.

[7] N. Koike, M. Takeo, and K. Tatsuuma, “A simulation methodology for
bidirectional hot-carrier degradation in a static RAM circuit,”IEICE
Trans. Electronics, vol. E81, pp. 959–967, June 1998.

[8] C.-C. Teng, Y.-K. Cheng, E. Rosenbaum, and S.-M. Kang, “iTEM:
A temperature-dependent electromigration reliability diagnosis tool,”
IEEE Trans. Computer-Aided Design of Integrat. Circuits Syst., vol.
16, pp. 882–893, Aug. 1997.

[9] I. N. Shvetzov-Shilovsky, “MOSTFET prediction in space environ-
ments,”Microelectronics and Reliability, vol. 37, pp. 1367–1373, Sept.
1997.

[10] J. J. Liou, “Long-term base current instability in AlGaAs/GaAs HBTs:
Physical mechanisms, modeling, and SPICE simulation,”Microelec-
tronics and Reliability, vol. 38, pp. 709–725, May 1998.

[11] Y.-K. Cheng, P. Raha, and C.-C. Tenget al., “ILLIADS-T: An elec-
trothermal timing simulator for temperature-sensitive reliability diag-
nosis of CMOS VLSI chips,”IEEE Trans. Computer-Aided Design of
Integrat. Circuits Syst., vol. 17, pp. 668–681, Aug. 1998.

[12] J. E. Pizano, T. H. Ma, and J. O. Attiaet al., “Total dose effects on power-
MOSFET switching converters,”Microelectronics and Reliability, vol.
38, pp. 1935–1939, Dec. 1998.

[13] M. Brandt, M. Schüßler, and E. Parmeggianiet al., “Thermal simulation
and characterization of the reliability of THz Schottky diodes,”Micro-
electronics and Reliability, vol. 37, pp. 1663–1666, Oct. 1997.

[14] V. Pouget, D. Lewis, and H. Lapuyadeet al., “Validation of radiation
hardened designs by pulsed laser testing and SPICE analysis,”Micro-
electronics and Reliability, vol. 39, pp. 931–935, June 1999.

Rene L. Bierbaum (M’84) received the B.S. degree (1983) in electrical engi-
neering from the University of Nebraska and the M.S. degree (1984) in electrical
engineering from Stanford University.

She is a Distinguished Member of the Technical Staff at Sandia National Lab-
oratories, Livermore, CA. She is affiliated with the Reliability and Electrical
Systems Department at Sandia, working as a reliability analyst for the nuclear
weapons program.

Thomas D. Brown received the B.S. degree (1984) in chemical engineering
from the University of New Mexico and the M.S. degree (1987) in mechanical
engineering from the University of California at Berkeley.

He is a Principal Member of the Technical Staff at Sandia National Labora-
tories, Albuquerque, NM. He works as a surety analyst in the Weapon Surety
Engineering Department at Sandia.

Thomas J. Kerschenreceived the B.A. degree (1975) in mathematics from the
New Mexico State University and the M.S. degree (1977) in mathematics from
the University of Washington.

He is a Distinguished Member of Technical Staff at Sandia National Labo-
ratories, Albuquerque, NM. He is in the Reliability Assessment Department at
Sandia working as a reliability analyst for the nuclear weapons program.


	Index: 
	CCC: 0-7803-5957-7/00/$10.00 © 2000 IEEE
	ccc: 0-7803-5957-7/00/$10.00 © 2000 IEEE
	cce: 0-7803-5957-7/00/$10.00 © 2000 IEEE
	index: 
	INDEX: 
	ind: 
	Intentional blank: This page is intentionally blank


