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Modeling and simulation are key for the 
iterative development of thermal protection 
systems for hypersonic weapons.  In this 
work, the temperature-dependent flexural 
strength of α-SiC ceramic is predicted 
given Young’s modulus, Poisson’s ratio, and 
temperature.  An artificial neural network 
surrogate model is created to retain 
property-performance prediction while 
increasing computation speed.
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Cost-Effective VV&A in the Systems Engineering Process
BY DAVID H. HALL AND DAVID J. TURNER   (PHOTO SOURCE:  123RF.COM AND CANVA)
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INTRODUCTION

T he U.S. Naval Air Warfare 
Center Aircraft Division 
(NAWCAD) Verification, 

Validation, and Accreditation (VV&A) 
Branch has developed and is executing 
a cost-effective, risk-based VV&A 
process for models and simulations 
(M&S) used to support the  
U.S. Department of Defense (DoD).  
The original version of the process was 
created more than 25 years ago by the 
predecessor to the VV&A Branch, the 
Joint Accreditation Support Activity, 
and has been further developed, used, 
and refined over the last 20 years in 
support of a wide variety of M&S 
domains and military systems.  It is 
a systematic and straightforward way 
to determine whether a proposed 
M&S has the credibility to support 
its intended uses.  This risk-based 
VV&A process equally applies to cases 
where accreditation is required and 
cases where formal accreditation is not 
required but verification and validation 
(V&V) is needed. It also applies to 
any M&S and test facilities that 
include live, virtual, and constructive 
simulations.

WHAT IS CREDIBILITY?
Based on over 30 years of working 
in the field of M&S credibility 
and discussing what it means to 
various scientists, engineers, and 
mathematicians using the results  
of M&S for decision-making, the 

authors have concluded that M&S 
credibility is a function of  
the following three factors:

1.	 Capability – the functions it 
models and the level of detail with 
which it is modeled should support 
anticipated uses.

2.	 Accuracy – how accurate it 
must be should depend on the 
risks involved if the answers are 
incorrect.

3.	 Usability – the extent of available 
user support should ensure it is 
not misused.

Any robust assessment of M&S 
credibility must consider not only 
accuracy but capability and usability.  
Capability is the characteristic that 
ties the M&S to the problem; it 
describes what the M&S needs to do 
to support the intended use.  Accuracy 
describes how well the M&S solves the 
problem in terms of three elements—
software accuracy, input/embedded 
data accuracy, and output accuracy.  
Usability ties the M&S to a useful 
solution by ensuring that it will not be 
misused.  Credibility should be defined 
in terms of those three characteristics 
as follows:

M&S Credibility:  The M&S has 
sufficient capability, accuracy (software, 
data, and output), and usability to 
support the intended use.

NAVAL AIR SYSTEMS 
COMMAND (NAVAIR) 
VV&A PROCESS
The risk-based VV&A process starts 
with defining the intended uses of the 
M&S to support program decision-
making.  It continues with a detailed 
analysis of what is required for 
the M&S to satisfy those intended 
uses, how to demonstrate that those 
requirements have been met (or 
not), and what metrics will be used 
to measure the M&S against those 
requirements.  A final check on the 
suitability of the M&S for the intended 
use is a risk assessment:  What are 
the risks of using the M&S for the 
intended purpose given all that is 
known about its credibility once the 
VV&A effort is completed?

Figure 1 depicts an overview of steps 
in the process, with responsibilities 
assigned to the various organizations 
involved.  The first and possibly 
hardest step in the VV&A process is 
to thoroughly articulate the intended 
use of the M&S for the application 
at hand (what questions will be 
answered using M&S outputs and 
how).  The next step is to develop 
M&S and credibility requirements 
and acceptance criteria based on 

Any robust assessment of 

M&S credibility must consider 

not only accuracy but 

capability and usability.
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that specific intended use statement 
(SIUS) (what will the M&S need to 
do, how accurate will it be, and what 
information will the accreditor need to 
see to decide whether to accept it or 
not).  The next step is to assess the risk 
of using M&S results for the intended 
use; the risk assessment identifies 
gaps in credibility that need filled and 
builds an accreditation case for the 
M&S.  Those gaps form the basis of 
V&V and accreditation plans.  Subject 
matter expert (SME) reviews of the 
information elicit SME accreditation 
recommendations and face validation 
results.  The accreditation authority 
reviews the accreditation case and any 

residual risks before deciding to accept 
the risk of using the M&S, rejecting 
it, or accepting it with restrictions 
and/or workarounds.  In the next few 
sections, an example for a six degree 
of freedom (6-DOF) flight simulation 
of a long-endurance, unmanned aerial 
vehicle will be presented.

SIUS

The purpose of the SIUS is to state the 
program’s goals for the M&S concisely 
and completely, describe a potential 
M&S user’s needs and questions, 
and explain how M&S might help 
meet those needs.  An SIUS must be 
developed in enough detail so that 

accreditation requirements can be 
determined (general statements of 
intended use are insufficient) [1]:

Carefully define the specific 
issues to be investigated by 
the study and the measures 
of performance that will be 
used for evaluation.  Models 
are not universally valid but 
are designed for specific 
purposes…A great model for  
the wrong problem will never  
be used...

Table 1 shows an example from an 
SIUS for a 6-DOF flight simulation.

Figure 1.  NAVAIR Risk-Based VV&A Process Overview (Source:  NAVAIR VV&A Branch).
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M&S Accreditation 
Requirements, Acceptability 
Criteria, and Metrics

Whether an M&S is credible and 
hence acceptable for an application 
(intended use) is determined by 
how well it meets the requirements 
of that intended use.  For VV&A, 
requirements, acceptability criteria, 
and metrics/measures are defined as 
follows:

•	M&S Requirements:  What 
features and characteristics 
does M&S need to support the 
intended use?

•	Acceptability Criteria:  What 
quantitative or qualitative 

properties must M&S have 
to meet the requirements for 
intended use?

•	Metrics/Measures:  How will 
it be determined whether the 
acceptability criteria are met?

The best way to define M&S 
requirements, acceptability criteria, 
and metrics is in terms of the 
three components that define M&S 
credibility—capability, accuracy 
(software, data, and outputs), and 
usability.  How well the M&S 
meets those requirements must be 
determined by an assessment method, 
with criteria identified as to how 
the user will decide if it passes or 

fails.  These three key credibility 
components determine the M&S 
features needed to satisfy the intended 
uses.  Note that output accuracy is a 
comparison between M&S outputs and 

Table 1.  Air Vehicle 6-DOF Flight Simulation SIUS

GENERAL  
INTENDED USE

QUESTIONS BEING  
ADDRESSED SPECIFIC APPLICATION M&S OUTPUTS USED

Verify specifications 
for flight dynamics and 
performance and failure 
mode requirements.

What are the flight 
characteristics of the 
vehicle in various 
conditions, and do they 
meet the specifications 
and requirements?

Present results from the aerodynamics 
model, actuator model, and equations 
of motion, mass properties, and engine 
model to support analysis in defining the 
airplane normal for each applicable flight 
phase and flight stability analysis.

Specific fuel consumption, 
endurance and time on station, 
engine-out responses and 
characteristics.

What are the gain and 
phase margins?

Does the Flight Control 
System (FCS) allow 
commands to drive the 
vehicle outside the flight 
envelope?

Develop gain and phase margins to 
ensure that the FCS compensates for 
errors, time delays, asymmetric flight 
from engine and fuel management, and 
loss of engine.

Evaluate FCS oscillations, failures, 
control surface failures, longitudinal 
motions, and asymmetric center of 
gravity shifts.

Gain and phase margins, specific 
fuel consumption, endurance and 
time on station, range response to 
environmental effects, engine-out 
responses and characteristics.

Verify specifications 
for flight dynamics and 
performance related to 
atmospheric disturbance.

Does the vehicle 
meet performance 
specifications for 
response to atmospheric 
disturbance?

Examine interactions between the FCS 
and structural modes of the vehicle 
transitioning through atmospheric 
conditions.

Specific fuel consumption, 
endurance and time on station, 
range response to environmental 
effects, engine-out responses and 
characteristics.

The best way to define M&S 

requirements, acceptability 

criteria, and metrics is 

in terms of the three 

components that define 

M&S credibility—capability, 

accuracy, and usability.
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a representation of the real world; the 
real world can be represented in three 
ways—benchmarking (comparing with 
another M&S of known credibility), 
face validation (comparing with SME 
opinions on how the system being 
simulated behaves in the real world), 
and results validation (comparing with 
test data).

Developing the details of the 
requirements, the acceptability criteria 
for each requirement, and the metrics 
and measures to evaluate the M&S 
against those acceptability criteria 
requires working with M&S developers 
and users (such as the M&S integrated  
product team [IPT] lead).  Requirements  
for VV&A activities are developed 
from the SIUS, the acceptability 
criteria, and metrics—i.e., how much 
credibility information is required to 
demonstrate whether the M&S meets 
the intended use depends on what 
is required to show if it meets the 
requirements (acceptability criteria), 
how it is measured (metrics/measures), 
and the risks associated with incorrect 
results.  Table 2 shows a summary 
of the types of criteria and metrics 
used.  Table 3 shows an example of 
part of a matrix of M&S requirements 
(acceptability criteria and metrics for 
the same air vehicle [AV] 6-DOF flight 
simulation previously discussed).

Risk Assessment

Based on the available credibility 
information (including V&V results), 
a formal risk assessment process is 

used to evaluate the risk associated 
with making an accreditation 
decision.  A set of 10 characteristics 
of M&S has been developed under the 
three categories of M&S credibility 
(capability, accuracy, and usability).  
The M&S risk is evaluated for the 
intended uses by reviewing the 
available credibility evidence in 
each of those 10 areas.  Table 4 
shows these characteristics and the 
criteria for a “green” rating in each.  
Table 5 illustrates the results of the 
risk assessment of the 6-DOF flight 
simulation as an example of applying 
the risk assessment process; the overall 
risk was assessed as “moderate.”  An 
operational risk assessment is also 
conducted to determine the effects 
of errors on various parameters 
important to the intended use.

Plan V&V to Reduce Risk

Preliminary risk assessments, which 
result in an initial “gap assessment”  
of the available credibility information 
on the M&S, are conducted to 
focus V&V-related efforts on the 
gaps identified and the risks to 
the intended uses associated with 
those gaps.  This process leads to 
identifying requirements for additional 
information to be collected or  
generated to reduce those risks.  These 
information requirements are then 
compared with any additional available 
information, and a list of credibility 
“shortfalls” is compiled.  Each element 
of this list is then evaluated for its 
impact on risk.  Unmet requirements 

for simulation credibility that have 
acceptable (i.e., low risk) workarounds 
are removed from the list.  Unmet 
requirements for simulation credibility 
that have no acceptable workarounds 
generate a requirement for more 
detailed information in the appropriate 
category.  This may include additional 
V&V and software testing and 
documentation, collecting additional 
test data, creating (and implementing) 
a CM plan, establishing new user 
support functions, or enhancing M&S 
functionality to meet the application 
requirements.

Activities required to generate this 
information are then included in the 
accreditation and V&V plans.  The 
program manager (PM) wanting to 
use the M&S will have to provide 
the resources necessary to generate 
that information.  Alternatively, if 
the PM cannot provide more funding 
or chooses not to do so, the PM can 
choose to use the M&S with the 
amount of evidence available and 
accept a higher level of risk.  Some 
of the recommended activities for the 
example 6-DOF M&S are evident in 
Table 4; others were based on a list 
of recommended activities to support 
reducing an overall “moderate risk” 
assessment to “low risk” [2].

Conduct V&V and Other 
Credibility Activities

Once the accreditation and V&V 
plans have been developed and 
based on the preliminary risk 

08 DSIAC Journal  //  2024 TABLE OF  
CONTENTS



Table 2.  Overview of M&S Requirements, Acceptability Criteria, and Metrics [3]

M&S REQUIREMENTS ACCEPTABILITY CRITERIA METRICS/MEASURES

General Capability

The M&S shall support decision-making 
regarding the general intended uses.

Requirements documents and design are 
adequate for its intended use.  Input data 
required for the M&S tool execution are 
available, and the degree of their validity 
can be established.  The output parameters 
are appropriate for the intended use.

Documentation is available and complete.  
Input data requirements are documented.  
SME review determines that design is 
adequate, input data are credible, and 
output parameters appropriate.

Specific Capability/Accuracy

The M&S shall have the functional, 
fidelity, and accuracy characteristics 
required to model the interrelationships 
affecting the specific intended uses.

The M&S models interrelationships 
between the following:  (Details of the 
requirements to be listed here.)

SME reviews and approval of functionality 
and fidelity characteristics; SME 
assessment that the accuracy of outputs is 
acceptable considering the intended uses.

Software Accuracy

Software shall be tested adequately to 
demonstrate its proper operation against 
the requirements identified.

Appropriate software test results and 
verification activities have been conducted; 
the software development environment is 
well structured and documented.

SME reviews and accepts software test 
and verification results and reviews 
and accepts artifacts of the software 
development process.

Data Accuracy

Input and embedded data shall be 
adequate and appropriate for the 
application and documented.

Input and embedded parameters are 
appropriate for the intended use.  Data 
sources are documented, appropriate, and 
authoritative.  Data are sufficiently current 
for planned uses.

SME reviews and accepts input data and 
requirements, documentation, and data 
transformation verification.

Output Accuracy

The outputs of the M&S shall be  
of sufficient fidelity and accuracy to  
support potential user requirements.

The dynamic behaviors are appropriate 
for the intended uses.  Results are of 
appropriate fidelity for the intended use.  
Results compare favorably to other M&S 
(benchmarking), SME expectations (face 
validation), and/or available statistical 
analyses of comparisons with test data 
(results validation).

SME reviews, accepts, and determines 
output parameters important to the 
intended use.

Usability

Processes and documentation shall be 
in place to ensure proper operation and 
appropriate interpretation and use of 
outputs.

Configuration management (CM) 
processes are sufficient and adequately 
documented and followed.  Users are 
appropriately skilled and have the 
necessary training.  User and analyst 
manuals and training are adequate to 
enable the user to properly execute the 
simulation and enable the user or analyst 
to properly understand outputs.

SME and user review and accept 
CM plans and artifacts, user training, 
experience, credentials, user and analyst 
manuals, and training materials.

09Volume 8  //  Number 1TABLE OF  
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Table 4.  M&S Characteristics Risk Assessment Criteria and Results Summary

CHARACTERISTIC M&S CHARACTERISTICS IN THE 
RISK ASSESSMENT

INITIAL RISK ASSESSMENT FOR 6-DOF  
FLIGHT SIMULATION

Capability (Criteria With Rating)

Intended use  
and acceptability 
criteria

The general and specific intended use(s)  
of the M&S is/are clearly stated; the acceptability 
criteria and their metrics are clearly articulated 
(acceptability criteria and measures articulate  
how the requirements for the intended use[s]  
will be met).

Specific intended uses for the 6-DOF are clearly 
stated and approved by the program office. Green

Conceptual model 
validation

The conceptual model (framework, algorithms, 
data sources, and assumptions) is documented  
and correctly and adequately describes the needs 
and requirements of the intended use.

Although conceptual model documentation 
is only available in multiple documents, the 
conceptual model has been reviewed in detail 
by SMEs for previous usage.  The predecessor 
conceptual model has also been the subject 
of review, although documentation is largely 
unavailable.

Yellow

Table 3.  Partial Table for Air Vehicle 6-DOF [3]

M&S REQUIREMENTS ACCEPTABILITY CRITERIA METRICS/MEASURES

A. Atmospherics

A1 Shall simulate turbulent 
environmental conditions using 
either the von Karman or the 
Dryden formulas.

A1 The M&S (incorporates either the  
von Karman or the Dryden form of 
turbulence models).

A1 SME review of comparisons between the 
wind output data (velocity, etc.) from the selected 
turbulence model and the expected turbulence 
form (von Karman or Dryden).

A2 Shall simulate the AV 
response to varying levels of  
wind gusts.

A2 The M&S incorporates an ability  
to induce varying strength gusts onto  
the AV.

A2 SME review comparing the wind output data 
(aircraft velocity, altitude, wind velocity, etc.) from 
the gust model, with expected gust model results.

B. Air Vehicle

B1 Shall simulate mass  
properties of the AV.

B1.1 The M&S accepts a mass  
properties database.

B1.1 Documentation is available describing  
the process to incorporate a mass properties 
database file.

B1.2 Mass property parameters output 
from the M&S agree with the expected 
output according to the database model.

B1.2.1 Verify that the mass property parameters 
output from the M&S agree with the expected 
output according to the database model.

B1.2.2 SME reviews of documentation supporting 
the validation of the process used to create mass 
property database files (mass property model).

10 DSIAC Journal  //  2024 TABLE OF  
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CHARACTERISTIC M&S CHARACTERISTICS IN THE 
RISK ASSESSMENT

INITIAL RISK ASSESSMENT FOR 6-DOF  
FLIGHT SIMULATION

Model fidelity 
(function- and 
entity-level 
decompositions)

The model’s functions, entities, interfaces, 
data (framework, algorithms, data values, and 
assumptions), and environmental representation 
levels are documented and appropriate for the 
intended use.

Functionality and fidelity have been judged 
to be adequate by numerous SME reviews.  
Comparisons to actual flight test data have 
supported that SME consensus.

Green

Accuracy (Criteria With Rating)

Design and 
implementation 
verification and 
validation

The algorithms and/or mathematical formulations 
are correct and valid.  The premises for the 
application of the algorithms and/or mathematical 
formulations are correct, with no assumptions 
violated.  Logical software implementation is 
correct and relatively error free.

Based on prior usage, the model design is 
sound and produces credible results.  Detailed 
documentation of the algorithms should be 
developed.

Yellow

Input and 
embedded data

The simulation input and embedded data are 
credible and subject to review and revision.

Most input and embedded data are verified and 
validated via previous program activities and by 
comparisons with actual flight test data; however, 
they are not well documented.  All current input 
data are via government-reviewed and accepted 
contract data requirements lists.

Yellow

System 
verification

The M&S architecture has been formally tested 
and/or reviewed and has been demonstrated to 
accurately represent the system simulated for 
which the SIUS, requirements, and acceptability 
criteria were articulated.

The model has been tested against actual prior 
system flight test data; the current model has not 
yet been formally tested.

Yellow

Output validation

The M&S responses have been compared  
with known or expected behavior from the  
subject it represents and has been demonstrated  
to be sufficiently accurate for the specific  
intended use(s).

The legacy performance model has been tested 
against actual flight test data and documentation 
provided for the aerodynamics and propulsion 
models.  Similar validation for the current  
system with flight test data is planned but  
not yet executed.

Yellow

CM
The M&S and its components are under a sound  
CM process.

The development contractor uses Clear Case  
for configuration management of the software; 
however, there is no written CM plan.

Yellow

Usability (Criteria With Rating)

Documentation

The M&S is well documented as to its capabilities, 
design and implementation, limitations and 
assumptions; the documentation is readily 
available, up-to-date, and complete.

Model documentation is informal; much of the 
available documentation is summarized in a draft 
Accreditation Support Package.

Yellow

User community

The M&S is designed and developed for the level 
of competency of the intended users.  The users 
have access to documents such as user’s manual, 
training manuals, and/or reference guides.  User 
support is available from the M&S developer or 
proponent.

Program SMEs will run the simulation.   
There is a user manual; however, there is  
no analyst manual.

Green

11Volume 8  //  Number 1TABLE OF  
CONTENTS



assessment, the activities in those 
plans are implemented.  Verification 
activities include determining and 
documenting whether the SIUS is 
correct and appropriate for current 
application; determining if defined 
capability, accuracy, and usability 
requirements are correct and complete 
for the SIUS; and determining if the 
capability, accuracy, and usability 
implementations are correct and 
appropriate per conceptual and design 
specifications and standards.  Table 5  
lists some example verification 
activities.

Validation activities include conducting 
and documenting data V&V checks, 
comparing simulation output/results to 
measured data (results validation) and/
or an existing validated M&S output 
(benchmarking), and face validation 
(SME review).  Sensitivity analysis 
can be a powerful tool supporting 

face validation reviews, developing 
requirements for validation test data, 
and analyzing M&S data against test 
results.  Statistical analysis techniques 
play an important role in M&S output 
comparisons with test data.  Some 
techniques that should be considered 
include Bayesian statistics, testing 
for intervals, and goodness of fit 
approaches like the Chi-Square, 
Kolmogorov-Smirnov (nonparametric), 
and Fisher’s Combined Probability 
tests.

SME reviews of V&V data resulting 
from the 6-DOF V&V effort were 
conducted.  The SMEs represented 
several interested organizations, 
including the unmanned aerial vehicle 
(UAV) program office, their support 
contractor (who was also running 
the 6-DOF as part of development), 
independent SMEs, and one or 
two representatives of operational 

test and evaluation organizations 
who would have vested interests 
in the UAV program later in its 
development.  The reviews resulted 
in some recommendations for further 
activities (which were planned for the 
next iteration of UAV development), 
considerable discussion of the technical 
merits of the 6-DOF and V&V results, 
and a consensus that the 6-DOF 
met the acceptability criteria for its 
intended use.

Update Risk Assessment and 
Iterate the Process  
as Needed

The VV&A process is iterated as 
necessary by updating the risk 
assessment, as tasks are completed 
in accordance with the V&V and 
accreditation plans.  After all necessary 
iterations are completed, a “Final 
Risk Assessment” is developed and 
documented using the 10 M&S 
characteristics shown in Table 4.   
That final assessment determines  
the residual risk associated with 
applying the M&S to the intended uses 

Table 5.  Example Verification Techniques

TECHNIQUE DESCRIPTION

Static testing Uses source code-level static analysis tools and software quality 
checks (e.g., McCabe complexity index).

Dynamic  
testing

Exercises the software in its intended environment with a 
controlled set of inputs, hoping to replicate a predetermined set  
of results; unit testing, integration testing, regression testing, and 
white box testing.

Design 
verification Tests software capability against measurable requirements.

Implementation 
verification

Verifies design requirements, code reviews, software error tracking, 
user documentation review, and sensitivity analysis.

Code reviews May be line-by-line testing against design.

Black box 
testing

Confirms that the M&S implements the conceptual model, design, 
and requirements.

Sensitivity analysis can be a 

powerful tool supporting face 

validation reviews, developing 

requirements for validation 

test data, and analyzing M&S 

data against test results.
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after all V&V and other accreditation 
activities have been completed.  That 
residual risk assessment, along with 
accompanying recommendations, is 
provided as supporting information to 
the accreditation authority.  The final 
risk assessment for the 6-DOF M&S 
after all V&V activities were completed 
was “low.”

Accreditation Assessment, 
Package, and Report

All metrics are ultimately adjudicated 
by SME review, making use of all 
information obtained and/or developed 
during the V&V process, which may 
include extensive comparisons to test 
data, benchmarking against other 
simulations, or comparing to a SME’s  
perception of the real world.  An 
accreditation decision ultimately 
relies on the accreditation agent/
team leveraging personnel who 

know the subject matter to make 
a recommendation (based on the 
information available) as to whether 
the tool meets the requirements and 
can satisfy the intended uses and what 
should be done about it if it does 
not.  Accreditation should be based 
on an objective comparison of the 
known credibility information with the 
credibility requirements, as shown in 
Figure 2.  Based on that comparison, 
the accreditor can decide to accept 
the residual risk, require workarounds 
for risk areas or improvements to the 
M&S, or not accredit it at all.

The results of the V&V efforts and  
the accreditation recommendations 
 are documented in a tailored  
MIL-STD-3022 [3] format.   
MIL-STD-3022 describes the standard 
formats for accreditation plans and 
reports and V&V plans and reports.  
The accreditation recommendation is 

documented in a letter from the M&S 
proponent (e.g., the M&S IPT lead) 
to the accreditation authority (the 
PM for program-related M&S uses), 
who is the final decision-maker and 
ultimate user of the M&S results as 
described in the SIUS.  Based on all 
the work accomplished by the VV&A 
team and the 6-DOF developer, it was 
recommended that the 6-DOF be fully 
accredited to support its intended use.

Accreditation should be based 

on an objective comparison 

of the known credibility 

information with the 

credibility requirements.

Figure 2.  The Essence of Accreditation (Source:  NAVAIR VV&A Branch).

PROBLEM CONTEXT

Capability
Accuracy
Usability

Defined by the User
(Formally or Implied)

Data Quality
M&S Documentation

Design Documentation
Configuration Management

V&V Results
Etc.

Provided by the Model 
Developer and/or Model 

Proponent

M&S CREDIBILITY 
REQUIREMENTS

Identify Deficiencies

Identify Work-Arounds, 
Usage Constraints, Required 
Improvements, and RISKS

M&S CREDIBILITY 
INFORMATION

Accreditation 
Decision

13Volume 8  //  Number 1TABLE OF  
CONTENTS



CONCLUSIONS
This systematic VV&A process 
consists of determining, verifying, 
demonstrating, testing, and 
documenting whether the M&S 
requirements, acceptability criteria, 
and associated metrics and measures 
have been satisfied correctly.  Because 
the M&S requirements are determined 
and defined from the SIUS, PMs, 
operational testers, and M&S users can 
have confidence in knowing whether 
the M&S has the credibility necessary 
to adequately support its intended use.  
This process applies to all M&S and 
test facilities, including live, virtual, 
and constructive simulations.  What 
makes this process cost-effective is 

that any V&V activities are focused on 
requirements driven by the intended 
use; no V&V activities are conducted 
that do not directly support the 
requirements of the SIUS. 
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The Challenges and Prospect of 
Metal Additive Manufacturing 
on U.S. Navy Ships

BY MATTHEW SEIDEL 
(PHOTO SOURCE:  U.S. NAVY, CANVA)

THE CURRENT STATE 
OF METAL ADDITIVE 
MANUFACTURING (AM)

I n 2022, the U.S. Navy installed 
the first-ever permanent metal 
AM machine aboard a U.S. naval 

vessel.  This technology is projected 
to be groundbreaking by reducing 
resupply logistics and diminishing 
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obsolescence:  “For the Navy, the 
greatest immediate potential is in 
the less-exotic field of logistics” [1].  
However, getting a contraption that 
can create almost any replacement part 
onto an active-duty warship has had its 
challenges and obstacles.  This article 
will focus on metal AM and detail the 
development of concepts from the 
early 2000s until now, along with the 
history of challenges in the field.

AM has experienced a renaissance 
in the last decade.  Formerly only 
available for use by large companies 
with extensive capital expenditure 
budgets, modern AM has significantly 
decreased in price, branching out into 
applications for industry and hobbyists 
alike.  Naval planners took note of 
this technology and followed suit with 
other government bodies in proposing 
shipboard augmentation of supply 
departments with AM.  This would 
reduce the need to carry large stocks 
of premanufactured replacement parts, 
diminish delivery costs and timelines 
for spare components, and free up 
coveted space on dense vessels.

CHALLENGES OF 
SHIPBORNE INTEGRATION
As integrating AM into the Navy’s 
logistical operations quickly became 
a priority, challenges rose to the 
forefront.  AM machines are typically 
set up in a laboratory or industrial 
setting that offer ample space for a 
large machine, a stable building, and 

storage for many different printing 
materials.  If the Navy were to 
install this capability into ships, they 
would need to address the harsh 
environments and limited resources of 
being on the open ocean.  For example, 
a popular industrial version of metal 
AM is selective laser sintering, which 
involves powdered metal being melted 
layer by layer as new powder is wiped 
on top of the solidified layer.  This 
technique creates high-quality parts 
that can equal or surpass traditionally 
manufactured parts created from 
sources like titanium, Inconel, and 
steels.  However, the powdered metal, 
particularly the titanium variety, can 
become explosive with improper 
handling due to its high surface area-
to-volume ratio interacting with 
oxygen in the air.

In an industrial setting, this is managed 
by requiring special safety measures 
and trained personnel to handle the 
raw materials.  In a shipborne setting, 
the roll of the ocean could disrupt 
this powder, causing hazardous 
spills.  Certain metal AM technologies 
may be optimized for a lab setting; 
however, they could prove disastrous 
in a shipborne setting.  This potential 
detriment could easily outweigh the 

benefits of a vertically integrated AM 
machine.  Therefore, determining what 
kind of raw material to use was an 
important consideration.

Any AM system requires consistent 
electrical power for quality part 
manufacturing, and shipborne power 
generation can experience fluctuations.  
Most ships rely on auxiliary engines, 
generators, and/or shore power to 
provide electricity, all of which are 
susceptible to fuel supply issues and 
power transmission issues.  Power 
fluctuation can also occur when other 
heavy demand systems come online, 
stressing the grid and giving uneven 
electrical distribution.  Scheduled 
maintenance and repairs may even 
become an issue, as this can occur on 
one side of the ship and affect systems 
on the other side.  A power supply 
disruption, even for a few milliseconds, 
could immediately affect the ongoing 
printing process and potentially 
lead to incomplete or failed prints.  
Onboard AM machines would need 
to have their own semi-isolated grid 
or specific equipment to ensure there 
are no power issues during the critical 
printing process.

Other environmental issues to 
consider on a ship would be the 
constant motion caused by waves and 
tides.  This could change the powder 
distribution or print head angle and 
result in poor print quality and wasted 
raw materials.  Vibrations from ship 
engines could have deleterious effects 
on the precision of AM machines.  

AM has experienced a 

renaissance in the last 

decade.
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The notorious salt fog and salty air 
environment of an ocean-going ship 
could wreak havoc on an AM machine 
designed for the sterile laboratory 
setting.  A shipborne AM machine 
would have to be protected from all 
these conditions to bring the benefits 
anticipated by naval logistics.  Due 
to the untested nature of having AM 
onboard a ship, there was an additional 
X factor consideration.  And beyond 
the known hazards were the unknown 
risks that scientists could anticipate or 
predict.

The idea of having an AM machine 
accessible on every ship in the United 
States’ fleet also presents its own 
challenges.  Many AM machines 
require an internal atmosphere of 
inert gases which would need to be 
resupplied occasionally.  Any machine 
that needs a special gas atmosphere 
must consider off-gassing, proper 
containment, leak prevention, and 
proper personal protective equipment 
(PPE).  A typical ship’s interior is a 
self-contained atmosphere.  Without 
air circulating, harmful gases can 

easily fill a watertight room.  Then 
the feedstock itself is not available 
at every resupply station, as it can 
only be produced through specialized 
manufacturing processes.  Training and 
PPE would also need to be addressed 
because of the hazardous equipment 
and materials used in the printer.

THE FIRST NAVY SHIPS  
TO RECEIVE METAL AM
In the latter half of 2022, the Navy’s 
Wasp-class amphibious assault ship 
USS Bataan (Figure 1) received the 
first-of-its-kind, permanent metal 

AM machine.  Based in Norfolk, VA, 
the nearly 850-ft “Harrier Carrier” 
supports Navy and Marine Corps 
teams and has the capabilities to print 
on-demand replacement parts.  The 
Wasp-class ships were chosen to 
receive the first metal AM machines 
due to the role they play in the U.S. 
military.  These ships house both 
Navy and Marine forces and materiel, 
which allows a wider avenue of 
research and exposure on parts where 
form and fit are key across several 
different platforms for both branches.  
During its most recent outfitting in 
November 2022, the USS Bataan 
was equipped with a Phillips additive 

Figure 1.  USS Bataan (Source:  Adlughmin [3]).

The notorious salt fog and 

salty air environment of an 

ocean-going ship could wreak 

havoc on an AM machine 

designed for the sterile 

laboratory setting.
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hybrid powered by Haas [2], which 
consists of a combination of a Haas 
TM-1 computer numerical control 
(CNC) mill and a Meltio laser metal 
wire deposition head.  The Haas TM-1 
platform has been a proven platform 
on ships before and therefore provides 
minimal new variables for the Naval 
Sea Systems Command (NAVSEA) 
to overcome when testing the AM 
features of this system.

The advantage of this system, 
according to Phillips Corporation 
[4], is that it is a traditional CNC 
subtractive manufacturing system 
with an added AM capability.  The 
additive features of this machine are 
like welding, in that a metal wire 
like 316L stainless steel is fed into a 
print head where focused lasers melt 
it to a rough shape.  The process 
begins with a metal powder material 
being fed into the system, where 
it is melted and deposited layer by 
layer onto a substrate using a high-
power laser to a precision of ±0.010 
inches.  The subtractive feature of the 
hybrid system then comes into play, 
the HAAS CNC machine mill refines 
the rough shape out using traditional 
CNC milling, and the result is a highly 
accurate part.  The overall hybrid 
AM system generates significantly 
less waste compared to traditional 
manufacturing.

316L stainless steel, used in the 
Phillips additive hybrid machine [4],  
is a popular material choice for marine 
environments due to its excellent 

corrosion-resistance properties.  The 
“L” in 316L stands for low carbon, 
meaning it has a reduced carbon 
content compared to other grades 
of stainless steel.  This lower carbon 
content helps prevent sensitization, 
a process where carbon combines 
with chromium to form chromium 
carbide, which can cause the material 
to become susceptible to corrosion.  
Additionally, 316L stainless steel 
has good strength and toughness 
properties, as well as excellent 
weldability and formability, which 
makes it easy to fabricate into complex 
shapes and structures.

In terms of applying this hybrid 
AM machine, sailors will have the 
capability to print over 300 NAVSEA-
developed AM technical data packages 
(TDPs) on demand.  In addition, parts 
can be repaired by a method similar to 
cold spray, i.e., adding back material 
to a broken section of an existing 
part and then machining back excess 
material to repair the broken part.

In July 2022, another Wasp-class ship, 
the USS Essex, received a different 
style of AM technology [5].  In Pearl 
Harbor, HI, the ElemX made by 
Xerox was lifted onto the USS Essex 
via a Conex box into the cargo bay 
of the ship.  (This machine will be 
permanently housed inside the metal 
container, protecting it from the 
environment.)  The “mini factory in a 
Conex box” was previously installed 
at the Naval Postgraduate School in 
Monterey, CA, in 2020.  For two 

years, testing was conducted there 
on this unique solution to assess its 
capabilities for incorporation into 
naval vessels.  With this prior research 
well documented, the results of the 
laboratory setting of ElemX, in which 
control parts were printed, will be 
compared with results gathered from 
the deployed USS Essex [5].

The ElemX claims to be a user-friendly 
metal AM machine—no hazardous 
metal powders and no need for 
extensive facility modifications or PPE.  
It uses standard aluminum wire melted 
into a recyclable powder support.  The 
printer utilizes a proprietary “liquid 
metal” technology; “unlike alternative 
AM technologies, there are no metal 
powders used with ElemX and no 
need for PPE or other considerable 
safety measures.  Engineered to bring 
simplicity to the supply chain process, 
ElemX is said to be the ideal option 
for spares, repairs, and low-volume 
production parts” [6].

Liquid metal printing utilizes the same 
concepts that Xerox used decades ago 

Liquid metal printing utilizes 

the same concepts that Xerox 

used decades ago in inkjet 

printing but substitutes ink 

with liquid metal and allows 

printing in a third dimension.
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in inkjet printing but substitutes ink 
with liquid metal and allows printing 
in a third dimension [7].  Aluminum 
wire is fed from a spool onto a 
“hopper” surrounded by a copper wire 
with a pulsed voltage, which melts the 
metal wire into a liquid and deposits 
it to a heated “substrate” where it 
is solidified.  The heated build plate 
also requires a noble gas shroud 
environment like welding and protects 
the molten pool of metal against the 
elements in the atmosphere.  Like 
in other three-dimensional printing 
styles and technologies, liquid metal 
printing requires its own unique set of 
parameters that must be optimized and 
tested for size of ejected drop, droplet 
ejection, and thermal diffusion from 
the droplet.

The Xerox ElemX uses A356/4008 
aluminum alloy wire, which has 
been used in a variety of marine 
applications, such as boat hulls, 
propellers, and other marine 
structures.  Its combination of 
excellent corrosion resistance and 
high strength-to-weight ratio makes 
it an ideal material choice for marine 
environments.  It is a high-silicon alloy 
that contains 7% to 9% silicon, which 
gives it superior corrosion resistance 
compared to other aluminum alloys.  
This high-silicon content creates a 
dense, protective oxide layer that 
helps to prevent corrosion in marine 
environments, where exposure to 
saltwater and other corrosive agents  
is common.

SHORESIDE TESTING AND 
COLLABORATION
The objective of these printers onboard 
the USS Bataan and Essex is for 
current testing.  As discussed earlier, 
there are many factors theorized to 
affect print quality.  But there is also 
a concern that there are unknown 
factors yet to be fully realized that 
need to be addressed and solved 
before full operation and expansion 
to other ships can occur.  Speaking 
with Professor Ibrahim Gunduz at 
the Naval Postgraduate School (NPS), 
his group aims to assist finding those 
unknown factors in a joint service 
effort (NAVSEA, U.S. Coast Guard, 
Marines, and Army) [8].

NPS will also provide 
recommendations for equipment, 
engineering standards, academic 
studies, and testing for AM to the 
group and oversee the land-based 
testing for the ElemX machine 
currently on the USS Essex.  This 
involves installing the printer on their 
premises in California and printing 
a series of laboratory test prints and 
measuring every aspect of the result, 
including mechanical properties, 
correlating environmental data, and 
TDPs.  These first test prints will 
then be directly compared to identical 
parts made while the same machine 
is deployed at sea.  The twin tests 
conducted at sea will use an array  
of onboard sensors, such as pressure, 
humidity, gyroscopes, etc.  This 

instrumentation will determine and 
monitor atmospheric and motion 
parameters.  NPS will then feed the 
results of the experiments back to the 
joint AM group.  When addressing 
the foreseeable issues of printing with 
metal on a ship, these two printers will 
utilize different AM technologies to 
address some of the issues in different 
ways.  According to NPS, this was a 
choice made consciously and chosen  
so that they complement each other [8].

It is also speculated that using artificial 
intelligence (AI) or machine learning 
(ML) aboard these ships can increase 
the reliability of AM [9].  One of the 
key advantages of employing AI and 
ML in AM is the ability to enable real-
time quality control.  Instead of relying 
solely on post-processing inspections, 
which can be time-consuming and 
costly, the AI system can provide 
immediate feedback during the 
printing process.  This allows early 
identification and rectification of 
issues, minimizing the number of 
failed prints and reducing material 
waste.  Using sensors, AI algorithms 
can be trained to identify defects and 
anomalies in the AM process, enabling 
real-time quality control, minimizing 

One of the key advantages of 

employing AI and ML in AM is 

the ability to enable real-time 

quality control.
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the need for post-processing 
inspections, and reducing the amount 
of time wasted by identifying or 
correcting failing prints before they 
finish.

The Navy recognizes that in the long 
term, neither of these printers can 
print large items like a torpedo or a 
dinghy, but it does provide a great 
solution for small, durable parts in 
relatively low quantities.  For example, 
the idea of printing custom-built 
drones has been of great interest to 
naval planners from the beginning of 
this effort.  This would keep service 
men and women out of harm’s way 
while being able to have a drone built 
for a certain mission [9].  Data files 
can be sent via satellite to the USS 
Essex to quickly build a custom frame.

Back in 2015, while the USS Essex 
had a polymer AM machine installed, 
a test quadcopter drone frame was 
printed and fitted with a transmitter 
and a camera [3].  Its mission was 
to fly over ships to help stop piracy 
and drug smuggling.  The evolution 
from polymer to metal could enhance 
drones’ capabilities, larger payload, 
longer flight time, and the ability to fly 
in harsher conditions.  The addition of 
these printers can allow warfighters to 
carry less cargo for every perceivable 
drone mission and only carry raw 
printing materials and electronics; 
the same would apply to another 
mission where parts could be printed, 
depending on what is needed at that 
time.

SUCCESS STORIES 
ONBOARD METAL AM 
OPERATION AT SEA
In August 2023, the crew of the  
USS Bataan successfully used the 
Phillips Additive Hybrid System to 
create and replace a sprayer plate for 
a de-ballast air compressor while at 
sea [10].  The metal sprayer plate was 
essential for forcing pressurized air 
through saltwater tanks to discharge 
accumulated saltwater, a process 
used to lower the ship’s draft for 
amphibious operations.

The repair effort was led by Machinery 
Repairman First Class Mike Hover, 
who created a computer-aided design 
(CAD) model of the sprayer plate 
using a functional one from another 
system as a reference [10].  NAVSEA’s 
“Apollo Lab” provided engineering 
support and training, refining the 
CAD file.  Mechanical engineer Bryan 
Kessel at the Naval Surface Warfare 
Center, Carderock Division worked 
on software instructions for the metal 
AM machine.  These instructions were 
securely transferred back to the ship, 
where the sprayer plate was produced 
and installed.  The replacement part 
saved time that would have been spent 
obtaining a replacement assembly.  
This achievement, completed in just 
five days, marked the first time the 
ship’s installed metal AM machine  
was used under such conditions for  
an actual repair.

CONCLUSIONS
The journey to implement AM 
on ships has presented challenges 
such as addressing environmental 
factors, ensuring safety measures, 
and optimizing print quality.  The 
U.S. Department of Defense bodies 
like NAVSEA, academic institutions 
like NPS, and industry leaders in 
AM technology are all actively 
contributing to our understanding 
of and providing solutions for these 
challenges.  The promise of permanent 
metal AM machines on vessels like 
the USS Bataan and Essex opens new 
possibilities for reducing resupply 
logistics, mitigating obsolescence, and 
enabling on-demand production of 
replacement parts.  Success stories 
like the de-ballast air compressor 
repair give promise to the Navy’s 
efforts to leverage AM technology to 
enhance readiness and self-sufficiency 
in maintaining ships and weapons 
systems in challenging operational 
environments.  This successful 
application of AM technology 
demonstrates the “tip of the iceberg”  
for capabilities that can be achieved. 
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SUMMARY

M odeling and simulation 
are key for the iterative 
development of thermal 

protection systems (TPS’s) for 
hypersonic weapons.  In this work, 
the temperature-dependent flexural 
strength (FS) of α-SiC ceramic is 
predicted given Young’s modulus, 
Poisson’s ratio, and temperature.  
An artificial neural network (ANN) 
surrogate model is created to retain 
property-performance prediction while 
increasing computation speed.  The 
ANN computes many times faster 
(less than a second vs. tens of minutes) 
than a finite-element model (FEM).  
An uncertainty quantification (UQ) 
is necessary because property inputs 
vary due to defects in manufacturing 
processes.  Here, the ANN surrogate 
model provides the necessary 
computational speedup to perform a 
UQ.  A temperature-dependent UQ is 
demonstrated using the ANN.  This 
work demonstrates that a machine-
learning surrogate model is a useful 
replacement for a physics-based 
FEM for predicting the temperature-
dependent FS of a TPS with UQ.

INTRODUCTION
The United States is currently 
developing hypersonic weapons [1].  
Other countries have been ahead 
in deploying hypersonic weapons 
since 2016 [2].  A limiting factor in 
deploying hypersonics is their TPS’s 

[3].  Hypersonic flight increases 
the heat resilience necessary of the 
weapons’ TPS’s.  Without a TPS, 
critical components of the weapon 
will likely melt.  To engineer a TPS 
for a hypersonic weapon, physics-
based modeling is useful; however, 
it is slow.  Furthermore, due to 
manufacturing defects, material 
properties are uncertain and must 
be considered, placing them outside 
the computational reach of physics-
based simulations.  UQ requires many 
samples of a model to effectively map 
the uncertainty in material properties 
to uncertainty in the TPS material’s 
performance.  Here, a fast surrogate 
model is a substitute for the full 
physics-based model.  This model 
consists of an ANN with property 
inputs of Young’s modulus and 
Poisson’s ratio to FS, a performance 
measure, as the output.

The most prevalent UQ model of 
α-SiC is from the 1990s and uses 
purely data-driven parameters [4].   
This model lacks physics, can 
potentially lead to unrealistic 
conclusions, and is a fitted logistic 
function.  Silicon carbide is a 
temperature-resistant lightweight 
material that is used in hypersonic 
weapon TPS’s.  UQ can coordinate 
with decision makers in a manufacturing 
supply chain, where the risk of a 
material’s failure on its final deployed 
state is a critical factor influencing 
decisions [5, 6].  A known problem 
with ceramics manufacturing is 
variations in microstructure [7] 

and surface defects [8, 9] from 
manufacturing processes.  Hypersonic 
weapons are also exposed to 
particulates and acoustic waves 
during flight [10].  Therefore, a need 
for UQ in ceramics manufacturing 
is undeniable [11–13].  Recently, an 
experimentally driven approach has 
been taken in UQ of FS [14]; however, 
more developments in a generalizable 
model would be greatly beneficial.

The computationally light replacement 
model for the physics-based model is 
a surrogate model.  Surrogate models 
stand in for the physics-based model 
and retain the nonlinear mapping 
from inputs to outputs.  The surrogate 
model always works in tandem with 
the physics-based model by training 
on it.  The physics-based model 
is solved with high-performance 
computing (HPC) and provides 
quality training data to the surrogate 
model.  While successful in making 
predictions, physics-based models are 
computationally expensive [15, 16].  
This computational expense limits 
their usefulness in UQ studies [17].  
Even models that compute rapidly  
with HPC [18] do not approach the 

The computationally light 

replacement model for the 

physics-based model is a 

surrogate model.
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speed needed for a surrogate model 
for UQ.  Should quantum computing 
become ubiquitous, large systems of 
linear equations that are the kernel  
of physics-based simulation could 
provide a powerful solution, but that  
is a distant horizon [19, 20].  Using the 
surrogate model here, the uncertainty 
in Young’s modulus and Poisson’s 
ratio may be adjusted and the model 
provides near-instant feedback on the 
resulting changes in FS uncertainty.  
The key to this rapid UQ will be the 
machine-learning (ML) model.

The ML model applied in the ANN 
converts an input vector, including 
material properties and temperature, 
to FS at a wide range of temperatures.  
In the next section, the ANN theory 
is summarized and discussed.  The 
implementation of ANN with the 
backpropagation algorithm is outlined 
in the ANN Implementation section, 
where two optimization algorithms 
are compared.  In the ANN Training 
section, the accuracy of the ANN is 
tested by randomly removing data 
from the training set and predicting on 
those removed data.  The number of 
data records removed is incrementally 
increased to the breakdown’s limit.   
A temperature-dependent forward UQ 
from Young’s modulus and Poisson’s 
ratio to FS is then conducted using 
the ANN surrogate model.  The 
interpolation among temperatures not 
computed by the thermomechanical 
fracture model is shown to operate 
properly.  The temperature dependence 
is important for demonstrating the 

model’s capabilities for hypersonic 
weapons’ TPS’s.  Finally, the outlook 
for these weapons’ ANN and 
manufacturing is discussed in  
the Conclusions section.

ANN THEORY
An ANN consists of layers of neurons 
with connections between them.   
A neuron stores a value and receives  
and sends signals (which are essentially 
values) or numbers.  The connections 
map the output signals from one 
layer of neurons to the next layer of 
neurons, where the signals become 
inputs.  Weights on each connection 
are trained.  Each neuron also has 
a constant bias that is trained.  The 
ANN in this work is supervised by 
FSs as the labels.  The ANN in FS 
modeling is broken down next.

The general equation for the value  
of given input χ j to a given neuron is		

	 ,	      (1)

where yi are inputs from neurons from 
a previous layer and χ j is the sum of 
the signals to neuron index j closer to 
the outputs [21].  wji proceeds from 
left neuron index i nearer to inputs 
to right neuron j nearer to outputs.  
A bias for a given neuron is added 
with an additional input value of 1, 
and its weight is then treated the 
same as other weights.  Next, the cost 
function, or error E, is defined with 
the difference of the labeled data point 
and the output from the ANN as

	 ,	      (2)

where dFS is the labeled data point and 
yFS is the output from the ANN, given 
the inputs and weight values [21].  To 
minimize the cost function, E, the 
gradient or sensitivity of the cost E 
to each of the weights is sought.  The 
naive way to obtain the gradient would 
be to perturb each weight one at a 
time by reevaluating the ANN at every 
step.  Obtaining the gradient would be 
a computationally expensive process.  
Backpropagation is a computationally 
efficient algorithm to provide the 
gradient.

In the backpropagation algorithm, 
the ANN is only run forward one 
time.  All the χ’s and y’s are found 
from the forward pass.  Expressions 
for the gradient are written using 
derivatives and the chain rule from 
calculus.  These expressions are orders 
of magnitude less computationally 
burdensome than evaluating the entire 
ANN again.  Starting with the output 
layer, the partial derivative is taken for 
the output signal, yFS, as follows [21]:

	 .	 (3)

The derivative of the cost regarding 
the total of the input signals to the 
output neuron yFS is taken as

	 .	  (4)

The term ∂E/∂yFS is known from 
equation 3.  χFS is the total input to  
the neurons in the final layer.  The 
term dyFS/dχFS is the derivative of  
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the output signal for the total inputs.  
The rectified linear unit activation 
function is used in this work to 
prevent obtaining negative output [22].  
The rectified linear unit activation is  
as follows [21]:  
	 .	 (5)

For numbers greater than 0,  
dyFS/dχFS = 1.  Thus, equation 4 
becomes

	 .	 (6)

From here, the gradient regarding 
the weights is needed.  The derivative 
is written for the cost function for 
weights wFSi on the signals leading  
to the final layer as follows [21]:

	 .	  (7)

The expression ∂E/∂χFS is known 
from equation 6.  The expression 
∂χFS/∂wFSi equals yi, the signals from 
the last layer before the output 
layer (see equation 1).  The process 
backpropagates to obtain the gradient 
for all the weights.  Figure 1 shows the 
last layer of the neural network where 
the backpropagation algorithm begins.  
Figure 2 displays the input parameters 
and output prediction of the neural 
network, which has two layers between 
inputs and outputs and is 50 or 100 
neurons wide.

ANN IMPLEMENTATION
Key computational details about ANN 
include the number of hidden layers 

between inputs and outputs, the width 
or number of neurons in those hidden 
layers, the activation function, and 
the algorithm choice for optimizing 
weights during training.  The ANN in 
this work uses widths of hidden layers 
of about 100 neurons.  After several 
tests, two hidden layers are deemed 
necessary and used.  Dropping to one 
hidden layer decreases the R2 on fitting 
back to the training data to 0.994.  A 
near-perfect R2 of 1 is expected in this 
scenario of predicting the same data 
used for training.  Adding a second 
hidden layer does not increase the 
computation time by a noticeable 
amount.  The weights are trained 

by a (limited memory) Broyden-
Fletcher-Goldfarb-Shanno (BFGS) [23] 
algorithm.  The maximum number of 
iterations to optimize the weights is set 
to 500.  Poisson’s ratio is on a smaller 
scale than Young’s modulus and 
temperature.  The inputs are rescaled 
to improve the training performance.

BFGS is a quasi-Newton method to 
minimize the cost function.  It includes 
curvature information via a Hessian 
matrix in its search.  The Hessian 
contains second derivatives of the cost 
function regarding the weights.  A 
starting point for BFGS is Newton’s 
method [23]:

	 ,	 (8)

where k is the iteration index, x is the 
vector of weights, and H is the Hessian.  
The inverse of the Hessian matrix is 
taken in Newton’s method.  However, 
since matrix inversion is computationally 
expensive, an approximation to the 
inverse Hessian matrix [H]−1 is computed 
instead.  The gradient supplied by 
backpropagation is g k.  A scalar number 
α controls step size and is optimized 
at each iteration in BFGS.  The BFGS 
updated equations are listed next.  For 
x 0 in the initial guess state, a starting 
approximation matrix of the inverse 

Figure 1.  ANN Near the FS Output: 
(a) End of Neural Network and (b) 
Rectified Linear Unit Signal (Source:  E. 
Walker, J. Sun, and J. Chen).

Figure 2.  Inputs and Outputs of the 
ANN Surrogate Model (Source:   
E. Walker, J. Sun, and J. Chen).

BFGS is a quasi-Newton 

method to minimize the cost 

function.
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Jacobian, H 0, is guessed.  A new compact 
variable s is defined by the following [23]:

	 .	 (9)

Then, the cost function E from 
equation 2 is minimized by 
introducing a scalar α k,

	 .	(10)

where x k is the current vector of 
weights and biases.  sk is set by 
equation 9.  Therefore, in equation 10, 
the only variability in the cost function 
E(α k) is due to α k.  Methods exist to 
minimize E(α k) by changing α k [23].  
Next, another compacted variable σ  
is introduced as 
	 .	 (11)

The weights and biases are updated as

	 .	 (12)

The approximate inverse Hessian 
matrix is updated as

	 ,	 (13)

where the key update matrix D 
is obtained by satisfying another 
equation:

	 ,	 (14)

where y is another compacted variable 
from other known variables,

	 .	 (15)

Another solver is a stochastic gradient-
based approach known as “Adam” [24].  
Parameters are updated with

	 .	 (16) 

The difference thus far from BFGS is 
that the Hessian matrix is not used in 
the update but rather parameters that 
are functions of g, m̂, and v̂, with ϵ 
as a constant hyperparameter.  Adam 
is suited for large amounts of noisy 
training data [24].  As a test, BFGS 
and Adam were used to train two 
otherwise identical neural networks.  
The two trained neural networks were 
predicted back on the training data.  
BFGS was more accurate than Adam, 
as measured by R2.

The ANN after training by BFGS will 
be run many times to predict FS, the 
output of choice in this study.  This 
forward UQ maps the uncertainty 
in the three inputs to the FS.  The 
inputs are sampled according to their 
probability density functions (pdf’s).

ANN TRAINING
The training data set used in this  
study comes from a three-way  
coupled thermomechanical fracture 
model solved by the FEM.  There 
are extensive efforts of developing 
physics-based simulations which 
can be used to study the bending, 
buckling, vibration, and stress intensity 
of various shapes of materials [18, 
25–28].  Various attempts have been 
made to model the fracture behavior of 
brittle materials like ceramics [29–32].  
The model generates the training 
data set on the FS of α-SiC over a 
wide range of temperatures, which is 
particularly helpful for applications 
like thermoprotection systems [33].

The three-way coupling model 
consists of modules, including elastic 
mechanics, phase field for damage, 
and heat conduction.  The phase 
field uses an auxiliary scalar field to 
model material damage.  This field 
is used to capture both the history 
of strain energy and the weakening 
effect on material properties as 
damage accumulates.  The evolution 
of damage is governed by the Allen-
Cahn equation [29, 30, 32].  The 
material properties are obtained from 
experimental data by Munro [4].  The 
simulation setup is based on a standard 
four-point bending test specified in 
ASTM C1161-18 [34].  The point of 
fracture is determined according to 
the Griffith theory [35].  The cell size 
is controlled to be small enough to 
capture the fracture surface [29, 30].  
FS is defined as the maximum tensile 
stress that the specimen sustains before 
cracking.

The temperatures of the training data 
set from the numerical simulation are 
400, 600, 800, 1000, 1200, and  
1400 °C.  The mean Young’s modulus 
is as follows [4]:

	 ,	 (17)

and the mean Poisson’s ratio is

	 .	 (18)

Together with the mean, four 
combinations of E±3% and ν±25%  
at each temperature fill out the 
parameter space as suggested by  
the experimental data [4].  There are 
five training points at each of the six 
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temperatures, totaling 30 training 
points.  The five data points are the 
mean of E and ν, the upper bound  
of E with the upper bound of ν, the  
upper bound of E with the lower 
bound of ν, the lower bound of E  
with the upper bound of ν, and the 
lower bound of E with the lower 
bound of ν.  For Young’s modulus 
and Poisson’s ratio, respectively, 
3% and 25% are taken as the three 
standard deviations distance or 99% 
confidence interval when performing 
the forward UQ later.  Each training 
data point consists of the three input 
parameters—Young’s modulus, a 
Poisson’s ratio, and a temperature, 
resulting in FS as the output.  A similar  
approach was taken by Nagaraju et al.  
[36].  However, this work used an ANN  
and included adding temperature 
variation, 400–1400 °C, to emphasize 
the temperature effect.

After the ANN is trained by the 30 
data points, a rigorous cross-validation 
test of the ANN accuracy is conducted 
and summarized in Figure 3 [37], 
where the FEM [33] provides 30 FS’s 
from inputs to complete the training 
data set.  Of the data set of 30 points, 
n data are selected randomly to move 
from training to testing.  For instance, 
when n = 3, the training data set size 
is 27 and the testing data set size is 3.  
The ANN, after being trained on 27 
data, predicts on 3 data.  The R2 tends 
to decrease with shrinking training 
data set size because less and less of 
the parameter space is covered during 
training.  In Figure 4, five trials are 

conducted at each n.  When n = 7, the 
first negative R2 appeared.  Therefore, 
the ANN is reliable with an n smaller 
than 7.

The process employed for validating 
the ANN is known as cross-validation 
[37].  The loss in reliability may be 
attributed to declining dimensionality 
of the training data or the variety in 
Young’s modulus, Poisson’s ratio, and 
temperature.

Now that the ANN is trained, one 
million samples are used for a forward 
UQ of α-SiC at 1400 °C (Figure 5) as 
an example.  Both Young’s modulus 
and Poisson’s ratio are modeled as 
Gaussian.  Their mean and standard 
deviation are also displayed in Table 1.  
For future studies, a Bayesian update 
could be used to change the means 
and standard deviations of Young’s 

modulus and Poisson’s ratio as more 
experimental data become available [38].

Figure 5 shows the UQ of FS of 
α-SiC at 1400 °C as an example.  The 
mean of predicted FS is 417.03 MPa, 
compared with 416.84 MPa computed 
by the physics-based model.  The ANN 
therefore achieves consistency with the 
physics-based model.  With this tool, 
a manufacturer can rely on the ANN 

Figure 3.  The FEM Training Data Set:  (a) Cross-Validation for the ANN Reliability and 
(b) Forward UQ (Source:  E. Walker, J. Sun, and J. Chen).

Figure 4.  Cross-Validation of the ANN 
(Source:  E. Walker, J. Sun, and  
J. Chen).
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framework to predict the mechanical 
strength of α-SiC within seconds 
during each design iteration.  The 
uncertainty has also been quantified 
at a standard deviation of 2.041 MPa.  
The entire training data set was used 
for the UQ conducted here.  More 
training data will help stabilize the 
surrogate model.

The ANN is effective at capturing FS 
given its nonlinear dependence on 
temperature.  Figure 6 displays the 
mean FS of the ANN as a function  
of temperature, labeled as circles,  
and its 95% confidence interval.   

The thermomechanical fracture 
model solved via FEM, serving as 
the benchmark data, is overlaid with 
x’s.  The 95% confidence interval of 
the ANN is ±2σ from the mean.  The 
uncertainty of the ANN is temperature 
dependent—at its maximum, σ = 2.36 
(MPa) at 800 °C; at its minimum,  
σ = 1.36 (MPa) at 1200 °C.

All distributions for the inputs in 
Table 1, namely Young’s modulus 
and Poisson’s ratio, are assumed as 
Gaussian and functions of temperature 
(equations 17 and 18).  When defining 
the pdf of Young’s modulus, three 

standard deviations are set to 25% 
of the mean.  The same procedure is 
taken for defining the pdf of Poisson’s 
ratio except for using 3% of the mean.  
To validate the smooth interpolation 
between training data temperatures, 
predictions are made and plotted  
in Figure 7.

Figure 5.  A Forward UQ for FS at 1400 °C (Source:  E. Walker, J. Sun, and J. Chen).

Table 1.  Uncertainty Shape Parameters of the Gaussian Distributions

DESCRIPTIVE  
STATISTIC

YOUNG’S 
MODULUS E  

(GPa)
POISSON’S  

RATIO V
FS 

(MPa)

Mean µ 382.8 0.156 417.03

Standard  
deviation σ 3.828 0.013 2.041

Figure 6.  ANN and Physics Model 
Solved With FEM Prediction of FS vs. 
Temperature (Source:  E. Walker,  
J. Sun, and J. Chen).
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The choice of three standard 
deviations in this work contrasts 
against absolute bounds because the 
Gaussian distribution used here has 
no absolute bounds.  Munro [4] has 
the uncertainty at ±25% for Young’s 
modulus and ±3% for Poisson’s ratio 
as absolute uncertainty bounds.  
However, a Gaussian distribution 
has infinitely long bounds.  It should 
be noted that 99.5% of the samples 
are within ±3σ of the mean for a 
Gaussian pdf.  Therefore, the choice 
of three standard deviations depends 
mostly on the literature precedent 
of uncertainties in α-SiC properties.  
The samples of the inputs are passed 
through the ANN, with FS samples as 
the output.  The mean and standard 
deviation of the FS samples are taken 
at each temperature.  The temperature 
reliance is from the oxidation of the 
surface [39] that increases FS.

CONCLUSIONS
The surrogate model shown here will 
prove useful for designing TPS’s of 
hypersonic weapons.  If manufacturing 
defects persist, there will be a need 
for UQ; this is enabled through the 
surrogate model.  The surrogate model 
in this work is an ANN, and it has 
been cross-validated for accuracy.  The 
results from the ANN cross-validation 
show that the training data set must 
contain enough of the nonlinear 
behavior of FS to exhibit reliable 
accuracy.  The presented ANN is 
also used in an effective temperature-
dependent UQ demonstration as a 
surrogate model.  The reliability and 
accuracy of ANNs should remain in 
the parameter space of the training 
data.  This study arrives at a similar 
conclusion.  Rodríguez-Sánchez [40] 
used an ANN to model low-velocity 
impact force in a thermoplastic 
elastomer material (the ANN is 
accurate to 1% within the region  
of the training data).

Without UQ, designers of hypersonic 
weapons have no hint of the risk of 
their TPS’s lacking FS during flight.  
The computation time of the presented 
work is greatly improved from 
the physics-based simulation.  The 
parallelized physics-based simulation 
running on a cluster requires tens 
of minutes to complete a case.  Run 
on a single processor, the ANN only 
requires seconds to train.  An ANN 
prediction after training is faster— 

less than a second.  Prediction of one 
million parameter samples requires 
seconds to run.  With the modeling 
advancement shown here, the iterative 
step has been made in designing 
hypersonic weapons.

Questions regarding the future of 
ML in thermal protection systems 
modeling depend on how much 
physics is modeled by the ANN.  For 
a separate application, As’ad et al. used 
physics-based constraints on an ANN 
to model stress and strain of elastic 
materials [41].  Those constraints 
include dynamic stability, objectivity, 
and consistency. 
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Figure 7.  Interpolation Prediction of  
FS vs. Temperature (Source:  E. Walker,  
J. Sun, and J. Chen).

Without UQ, designers of 

hypersonic weapons have no 

hint of the risk of their TPS’s 

lacking FS during flight.
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BACKGROUND

R eliability is the probability 
that an item will perform 
its intended function 

for a specified period under stated 
conditions.  It has a significant impact 
on operating and sustainment costs 
within the U.S. Department of Defense 
(DoD), which typically represent 70% 
of the program’s total life-cycle costs 
[1].  System reliability also directly 
affects system availability and life-
cycle costs since a system with poor 
reliability may require an increase in 
maintenance labor, repair material, 
and spares.  Thus, improving reliability 
can result in significant savings in the 
support costs for any major weapon 
system.

Reliability growth is the improvement 
in reliability over time due to 
improvements in the product’s design 
or the manufacturing process [2].  
Reliability growth consists of two 
main areas—planning and assessment.  
Reliability growth assessment uses 
data from testing to estimate the 
improvement in reliability, and it 
can be further broken down into 
reliability growth tracking and 
projection.  Reliability growth planning 
uses assessment model forms, along 
with various management metrics, 
to provide a plan for improving 
reliability prior to any testing.  DAC 
developed reliability growth planning 
and assessment models, which can 
assist program managers in meeting 
the system reliability requirements 

and generate reliability growth curves 
for planning, tracking, and projection.  
In addition to providing reliability 
models, DAC also provides analytic 
support to defense programs and 
helps develop reliability-related policy, 
guidance, standards, methods, and 
training.

RELTOOLS DASHBOARD
DAC, formally known as the U.S. 
Army Materiel Systems Analysis 
Activity (AMSAA), initially developed 
a collection of key reliability models 
and tools in Microsoft Excel and 
distributed them upon request to 
U.S. government personnel and their 
DoD contractors.  The collection has 
been improved and modernized by 
coding the models in the programming 
language R and wrapping them in a 
Shiny app.  The brand-new, highly 
interactive container for the models 
and tools is called the RelTools 
Dashboard (shown in Figure 1).  The 

dashboard contains a wide range of 
models for reliability growth planning, 
tracking, and projection as well as 
tools for test planning and quick 
requirements calculations.  It also hosts 
a downloadable Reliability Scorecard, 
which aids in assessing the reliability 
risks of a developmental acquisition 
program.  As seen in Figure 1, the 
models are listed in the sidebar on 
the left-hand side and broken down 
by category.  The dashboard can be 
accessed on the Web by a uniform 
resource locator [3] and is available 
free of charge to U.S. government 

Reliability growth planning 

uses assessment model 

forms, along with various 

management metrics, to 

provide a plan for improving 

reliability prior to any testing.

Figure 1.  RelTools Dashboard Home Page (Source:  DAC).
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personnel and DoD contractors.   
The only requirements for access  
are a government network connection 
and a common access card.

RELIABILITY TEST 
PLANNING
When choosing the duration for 
reliability demonstration during an 
initial operational test (IOT), it is 
critical for program managers to 
consider the reliability requirement 
and the desired confidence level and 
probability of acceptance.  To aid 
in this process, two reliability test 
planning tools are available:  (1) the 
IOT Planning Tool – Continuous 
(IPT-C), which is for continuous-use 
systems, and (2) the IOT Planning 
Tool – Discrete (IPT-D), which is for 
discrete-use systems.  A continuous-
use system refers to systems where 
usage is measured on a continuous 
scale, such as hours, miles, etc.  A 
discrete-use system refers to a system 
where usage is measured in terms 
of discrete trials, such as shots from 
guns, rockets, or missile systems.  Both 
IPT-C and IPT-D allow program 
management to effectively plan for 
a fixed-length, fixed-configuration 
demonstration test, such as the IOT.  
These tools are located in the Test 
Planning Tools tab of the RelTools 
Dashboard.  Screenshots from the 
IPT-C are shown in Figure 2.

The purpose of the IPT-C and  
IPT-D is to help the user choose  

an appropriate IOT profile to aid  
in developing a reliability program 
plan.  Both IPT models contain two 
tools—a Test Length Planner and 

Operating Characteristic (OC) Curve 
Plotter.  Their only difference is in  
the calculations used for the specific 
type of systems they cover.  The 

Figure 2.  IPT-C Example (Source:  DAC).
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Test Length Planner, shown on the 
left in Figure 2, displays possible 
IOT test durations based on the 
mean time between failure (MTBF) 
requirement, desired confidence level, 
and probability of acceptance.  The 
OC Curve Plotter, shown on the 
right in Figure 2, is used to validate 
a planned IOT profile and plot an 
OC curve.  The OC curve shows how 
the true underlying reliability of the 
system impacts the probability of 
successfully passing the demonstration 
test.  Together, these tools can aid in 
conducting trade-off analyses involving 
the reliability demonstration test 
lengths, reliability requirements, and 
the associated statistical risks when 
planning reliability demonstration 
tests.

RELIABILITY GROWTH 
PLANNING
Reliability growth occurs by 
identifying failure modes and 
developing corrective actions to 
mitigate the failure modes.  Reliability 
Growth Planning Curves (RGPCs) 

assist program managers in managing 
this process by determining program 
schedules, allocating resources, 
and defining the realism of the test 
program in achieving the required 
reliability.  The planning curve is 
constructed early in the program’s 
life cycle when little-to-no reliability 
data is available, and it provides an 
indication of the reliability that can be 
expected during different stages of the 
program’s development.  The planned 
reliability values in the planning curve 
serve as a basis for evaluating future 
reliability growth progress during 
reliability growth testing.  An example 
of a RGPC is shown in Figure 3.  
The idealized curve, shown in black, 
portrays the expected overall reliability 
growth pattern across test phases.  
Since failure modes are not found 

and corrected instantaneously during 
testing, the RGPC uses a series of 
MTBF targets to represent the actual 
MTBF goals for the system during 
each test phase throughout the test 
program [2].  These are represented by 
the sequence of colored steps in the 
plot.  The end of the planning curve 
depicts the reliability target necessary 
to successfully demonstrate the 
reliability requirement in a reliability 
demonstration test.  This target can 
be found using the IPT-C previously 
discussed.

Reliability growth planning should 
consider the initial and goal reliability 
targets, test phases, corrective action 
periods, and reliability thresholds 
(interim goals to be achieved following 
corrective action periods).  Reliability 

Figure 3.  Example of Reliability Growth Planning Curve (Source:  DAC).

The purpose of the IPT-C 

and IPT-D is to help the user 

choose an appropriate IOT 

profile to aid in developing a 

reliability program plan.
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growth planning should also include 
realistic management metrics, such 
as management strategy (MS) and fix 
effectiveness factors (FEFs).  MS is 
the assumed proportion of the initial 
failure rate that will be addressed via 
corrective action during the test-fix-
test process.  FEF is the fractional 
reduction in the failure rate for a 
failure mode after a corrective action 
is applied [2].

The RGPC should be developed 
using reliability growth planning 
models, such as the Planning Model 
Based on Projection Methodology 
(PM2)-Continuous (PM2-C) or 
PM2-Discrete (PM2-D).  The 
purpose of PM2-C and PM2-D is 
to aid in constructing a reliability 
growth planning curve (similar to 
Figure 3) over a developmental test 
(DT) program useful to program 
management.  It serves as a baseline 
against which reliability assessments 
can be compared and can highlight the 
need to management when reallocation 
of resources is necessary.  Both 
models are found under the Reliability 
Growth Planning tab of the RelTools 
Dashboard, and screenshots of the 
main inputs of these models are shown 
in Figures 4 and 5.  The main inputs 
are broken down in a series of steps 
and include the following:

•	MTBF or reliability requirement

•	Confidence level

•	Probability of acceptance

•	IOT test duration or number of 
trials

•	Assumed DT to IOT degradation 
factor

•	Initial MTBF or reliability

•	MS

•	Average FEF

•	DT schedule

RELIABILITY GROWTH 
TRACKING
Reliability Growth Tracking models 
estimate the reliability of a system 
in a DT program by evaluating the 

Figure 4.  PM2-C Main Inputs (Source:  DEVCOM Analysis Center).

Figure 5.  PM2-D Main Inputs (Source:  DAC).
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reliability growth that results from 
incorporating design and quality fixes 
into the system during a test event.  
The purpose of reliability growth 
tracking is to determine the amount 
of reliability growth occurring during 
the test and estimate the demonstrated 
reliability at the end of the test 
phase.  This assists management 
in determining if the program is 
progressing as planned, better than 
planned, or not as well as planned.  
When a program is not progressing 
as planned, a new reliability strategy 
may need to be developed.  Reliability 
growth tracking provides a statistical 
estimate of the system reliability at a 
given time based on observed test data.  
Tracking models should be used to 
update a system’s reliability based on 
actual test data.

The Reliability Growth Tracking 
Model for Continuous data (RGTMC) 
is a tool for assessing the improvement 
(growth) in the system’s reliability, 
within a single test phase during 
development, for which usage is 
continuously measured.  This model 
is useful for monitoring a system’s 
reliability in a DT program by 
evaluating the reliability growth 
resulting from incorporating design 
and quality fixes into the system 
during the test program.  The model 
may utilize data when exact failure 
times are known, along with data 
when failure times are only known to 
an interval (grouped data).

RGTMC is found under the Reliability 
Growth Tracking tab of the RelTools 
Dashboard, and a screenshot of 
the model is shown in Figure 6.  
The figure depicts the model after 
main inputs have been entered and 
calculations have been performed.  The 
left-hand side shows the inputs that 
were entered into the model, including 
total test time, total number of failures, 
and failure occurrence times.  The 
right-hand side shows an example of 
the expected vs. observed number of 
failures plot generated by RGTMC, 
which can be used to determine 
how well the model fits the data.  
Additional model output, such as the 
estimated MTBF at the end of the test, 
is available in the tabs on the top right 
of the screen.

RELIABILITY GROWTH 
PROJECTION
Reliability growth projection is an 
additional approach for determining 
if a program is on track to meeting 
its reliability requirements.  Reliability 
Growth Projection models provide an 
estimate of the reliability at a current 
or future milestone based on planned 
and/or implemented fixes, assessed 
fix effectiveness, and a statistical 
estimate of the problem mode rates 
of occurrence.  Projections determine 
the system’s reliability before and 
after corrective actions have been 
implemented, including future delayed, 
corrective actions.  These results can 
be used to help program managers 

Figure 6.  RGTM-C Example (Source:  DAC).
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decide how to allocate resources prior 
to entering the next test phase.  When 
a program is experiencing reliability 
problems, projections can be used to 
investigate alternative test plans.  This 
can be done using either the AMSAA 
Maturity Projection Model (AMPM) 
[4] or the AMSAA Discrete Projection 
Model (ADPM) [5], which can be found 
in the Reliability Growth Projection 
tab of the RelTools Dashboard.

The purpose of the AMPM is 
to provide an estimate of the 
projected reliability following the 
implementation of both delayed and 
nondelayed fixes for continuous systems.  
The model also provides estimates 
of the following important reliability 
growth metrics:

•	Initial failure intensity

•	Growth potential failure intensity

•	Expected number of failure modes 
surfaced

•	Percent of the initial failure intensity 
surfaced

•	Rate of occurrence of new failure 
modes

The purpose of the ADPM is 
to provide an estimate of the 
projected reliability following the 
implementation of both delayed and 
nondelayed fixes for discrete systems.  
The model also provides estimates 
of the following important reliability 
growth metrics:

•	Reliability growth potential

•	Expected number of failure modes 
surfaced

•	Probability of a new failure mode 
occurring

•	Fraction surface of the system’s 
initial probability of failure

Screenshots from AMPM and 
ADPM are shown in Figures 7 and 
8, respectively.  These figures depict 
both models after main inputs have 
been entered and calculations have 
been performed.  In Figure 7, the 

left-hand side shows the inputs that 
were entered into the model, and the 
right-hand side shows the observed 
failure modes vs. the prior predicted, 
cumulative number of failure modes 
plot.  In Figure 8, the left-hand side 
shows the inputs that were entered 
into the model, and the right-hand 
side shows the observed vs. expected 
number of failure modes plot.

RELIABILITY SCORECARD
In addition to reliability growth 
models and test planning tools, the 
RelTools Dashboard also contains  
the DAC Reliability Scorecard.   
This scorecard replaces the AMSAA 
Reliability Scorecard [6] and AMSAA 
Software Reliability Scorecard [7].  
The purpose of the DAC Reliability 
Scorecard is to evaluate a program's 

Figure 7.  AMPM Example (Source:  DAC).

Projections determine the 

system’s reliability before and 

after corrective actions have 

been implemented, including 

future delayed, corrective 

actions.  
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planned and completed reliability 
activities.  This is to ensure reliability 
best practices are being implemented 
while also identifying areas that 
may need improvement.  It can be 
applied to a program at any phase 
in the acquisition life cycle and to 
systems that are hardware-intensive, 
software-intensive, or a combination 
of both.  The Scorecard can be found 

in the Reliability Scorecard tab and 
is available as a downloadable Excel 
file to be used separately from the 
Dashboard itself.  The spreadsheet 
consists of the following eight 
categories:

1.	 Program Plan and Schedule

2.	 Develop and Design Team

3.	 Requirements and Goals

4.	 Design Process and Considerations

5.	 Modeling and Analysis

6.	 Testing

7.	 Supply Chain

8.	 Fielding and Sustainment

These eight categories contain one or 
more elements, resulting in 32 total 
elements.  Based on the rating criteria 
associated with each element, the user 
will assign each element one of the 

following ratings from a drop-down 
list:  Not Achieved, Partially Achieved/
Needs Improvement, Fully Achieved, 
or Not Applicable.  Once all elements 
are rated, the scorecard generates a 
summary of the scorecard ratings, 
which can assess the adequacy of a 
reliability program and highlight the 
areas that require improvement.

CONCLUSIONS
System reliability is a key component 
of maximizing system availability and 
minimizing life-cycle costs.  Overall, 
an improvement in reliability can 
result in significant savings in the 
support costs for any major weapon 
system.  The models and tools 
available in the RelTools Dashboard 
can be used to improve reliability 
by assisting management in meeting 
system reliability requirements.  To 
access the RelTools Dashboard, go 
to https://apps.dse.futures.army.
mil/RelToolsDashboard/.  For any 
questions about the dashboard or  
any of the models, please contact  
usarmy.apg.devcom-dac.list.reltools 
@army.mil. 
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The purpose of the DAC 
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