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Abstract

Motivated by a current effort to certify the Exploration Extravehicular Mobility
Unit (xEMU) spacesuit under NASA’s Artemis Program, this report presents a
probabilistic analysis case study focused on estimating the reliability of a spacesuit
design for a potential fall scenario. Considering uncertainty in impact velocity and
material parameters that govern damage in a composite spacesuit, the probability
of no impact failure (PnlF) was estimated through the application of several uncer-
tainty quantification (UQ) concepts. In particular, the focus of the case study was
on providing practical solutions to common challenges of applying UQ in practice:
estimating uncertainty in model parameters and alleviating the prohibitive computa-
tional burden associated with UQ when expensive, high-fidelity models are needed.
Material parameter uncertainty was estimated through a combination of sensitivity
analysis and Bayesian model calibration. Despite the computational model for suit
impact requiring nearly one day of serial execution time, the PnlF was estimated
in a tractable amount of time through a multifidelity importance sampling (MFIS)
approach that leveraged surrogate modeling and high performance computing. It
is shown that quantified material parameter uncertainty results in nearly 290lbf of
variation in predicted contact force in the suit (> 10% variability with respect to
the uncertainty-free nominal prediction). Furthermore, the MFIS prediction of PnIF
agrees well with a brute force Monte Carlo simulation estimate but is significantly
more efficient.

1 Introduction

Under NASA’s Artemis program, the Exploration Extravehicular Mobility Unit
(xEMU) spacesuit is being designed to ensure the safety of astronauts while they
explore the lunar surface. The xEMU design and certification effort must strike
a delicate balance between producing a spacesuit that is robust enough to safely
withstand potential fall events while still satisfying stringent mass and mobility
requirements. A traditional design approach that considers worst case loading and
applies conservative factors of safety (FoS) to account for uncertainties in the analysis
was unlikely to meet the narrow design margins. Thus, the xEMU design requirement
was modified to include a probability of no impact failure (PnlIF) threshold that
must be verified through probabilistic analysis.

As part of a broader one year effort to help integrate modern uncertainty quan-
tification (UQ) methodology into engineering practice at NASA, the certification
of the xEMU spacesuit was selected as the primary case study. The project, titled
Uncertainty Quantification for Structures and Dynamics under NASA’s Engineering
Research & Analysis (R&A) Program and henceforth referred to as the UQ R&A
Project, aimed to provide a foundation for a long-term transition away from FoS and
towards reliability-based design. The xEMU reliability case study was intended to
be performed in parallel alongside the ongoing certification effort to demonstrate the
advantages of UQ methodology for design. By taking a reliability-based approach
to design in general, NASA can enable substantially reduced mass/costs, higher



performance through narrower margins, rigorous assessments of mission risk, and
ultimately, safer and more reliable flight systems. This report provides the details
of a probabilistic analysis demonstration conducted under the UQ R&A Project to
estimate spacesuit reliability (PnlF).

While the use of FoS-based design is still prevalent at NASA, there have been a
variety of studies both highlighting the limitations of FoS and motivating the use
of UQ and reliability-based design at the Agency. Nearly two decades prior to the
study herein, a broad survey of uncertainty-based design methods was conducted in
order to provide recommendations for research activities at NASA Langley Research
Center (LaRC) [1]. While focusing on the specific disciplines of aerodynamics,
controls, structures, and systems analysis, many general, application-independent
benefits of uncertainty-based design were highlighted, including increased confidence
in analysis tools and reduced design cycle time, cost, and risk. A later report aimed
at reviewing current policies on FoS across the Agency also recommended further
study on probabilistic approaches for design, noting that while traditional FoS has
been useful for decades, establishing a rigorous connection between design options
and reliability could be a major improvement [2]. Most recently, an approach for
integrating uncertainty management into the design cycle was presented to address
the more general question of how to develop confidence in design given constrained
resources [3]. Here, the benefits of characterizing and quantifying uncertainties earlier
in the design process were highlighted and a discussion of how UQ methodology
should scale in complexity with design maturity was provided.

Several studies have investigated the relationship between the prescribed FoS
and resulting reliability under various assumptions on uncertainties in load and
material strength [4-6]. In particular, [6] illustrated how structural reliability varies
significantly for different materials for a fixed FoS, which could lead to unacceptable
rates of failure for some materials but significant overdesign for others. The potential
for over conservatism when using traditional FoS was further demonstrated through a
probabilistic design case study of the composite crew module (CCM) sponsored by the
NASA Engineering and Safety Center (NESC) [7,8]. The study showed that a FoS of
1.4 resulted in an extremely small failure probability (1 in ~10M) and that significant
mass savings (~12.5%) were possible using probabilistic methods. However, several
practical challenges with applying UQ were noted, including the estimation of input
parameter uncertainties and the associated computational expense. A more recent
NESC peer review demonstrated a successful application of UQ in the context of loads
and dynamics for the Space Launch System (SLS), focussing on characterizing model-
form uncertainty [9]. Finally, there also exists several high-level NASA guidance
documents related to UQ [10-13], including NASA-STD-7009A, Standard for Models
and Simulations [10], and accompanying handbook [11] that includes sections on UQ
and verification and validation. Despite this, the existence of documented cases of
the successful application of UQ to engineering and design problems at NASA in
reports and other publications appears relatively limited [14-16].

This report presents a probabilistic analysis case study aimed at estimating
the PnlF of a next-gen spacesuit design, providing further documentation of, and
motivation for, reliability-based design at NASA. In lieu of mature computational
models and test data for the xEMU at the time of the UQ R&A Project, the



analysis was demonstrated using existing finite element method (FEM) models and
impact test data from the previous generation of spacesuits (the Z-2). Several
common UQ concepts are described and demonstrated, including the application of
sensitivity analysis and Bayesian model calibration to estimate material parameter
uncertainty and reliability analysis to estimate the PnIF given estimated/assumed
input uncertainties. Due to the computational expense of the full Z-2 assembly model,
advanced UQ methods and high performance computing (HPC) utilization were
leveraged to make the probabilistic analysis tractable. As such, potential solutions for
addressing previously noted challenges of applying UQ (i.e., parameter uncertainty
estimation, computational expense) [8] are highlighted.

Note that several simplifications and assumptions were introduced to the case
study in order to facilitate the PnlF analysis under the time constraints of the UQ
R&A Project. Most importantly, uncertainty was only considered in the impact
velocity and the material parameters governing composite damage due to impact,
ignoring the myriad of additional sources of variability /ignorance that would affect
spacesuit impact verification in practice (manufacturing defects, impactor shape/size,
lunar regolith variability, etc.). The focus, instead, was on overcoming the common,
aforementioned challenges of applying UQ with expensive, high-fidelity models. The
results provided are therefore strictly for demonstration purposes and do not directly
reflect the true reliability of the Z-2 spacesuit.

The report is laid out as follows. Section 2 details the relevant background for the
study, including a brief overview of the UQ R&A Project and a description of a general
UQ workflow for estimating reliability. Section 3 describes the components of the
UQ workflow in more detail and introduces the specific methods used to implement
them in this study. Section 4 provides information on the case study, including a
description of the computational models and test data for the Z-2 spacesuit and
the simplifications and assumptions made to facilitate the analysis. Finally, Section
5 presents the results of the reliability analysis and Section 6 provides concluding
remarks.

2 Background

This section introduces several important components to a practical UQ workflow,
providing some background before discussing the specific methods that were leveraged
in the following section. For more context about the UQ R&A Project itself that
the case study was performed under, see Section 7.1 in the Appendix.

2.1 A General UQ Workflow

UQ is the science of identifying, quantifying, and reducing uncertainties associated
with models, experiments, and predicted outcomes or quantities of interest (Qols) [17].
These uncertainties may arise from a variety of sources, including experimental un-
certainties (due to limited or incomplete data or limited accuracy of sensors), model
discrepancy /inadequacy (due to approximate, imprecise, or simplified physics), input
parameter uncertainty (the focus of model calibration), and numerical errors (due to
roundoff or discretization, the focus of numerical analysis). Broadly speaking, these
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uncertainties may be classified as either aleatory or epistemic. Aleatory uncertainty
is randomness that is inherent to the problem or system and is irreducible. Epistemic
uncertainty reflects a lack of knowledge and can be reduced with additional experi-
ment, modeling effort, etc. While distinguishing between the types of uncertainty
can be useful for understanding a problem, this work assumes that both can be
adequately described in a similar fashion using probability theory from a Bayesian
perspective [13,18]. Here, probability is interpreted as a degree of belief in an event
or value and the ability to update initial uncertainty estimates based on observed
data is fundamental. Note this is in contrast with alternative approaches that argue
for separate treatment of epistemic and aleatory uncertainty [19].

The UQ R&A Project identified a general workflow with four primary compo-
nents for implementing UQ for reliability analyses. Figure 1 shows a schematic
of these four UQ components and where they fall within the relationship between
a computational model that produces predictions and a physical experiment that
generates measurement data. The purpose of each of these four concepts are provided
below:

e Uncertainty propagation for producing probabilistic predictions of Qols and
calculating system reliability when quantified model input uncertainties are
available

e Model calibration as a mechanism to explicitly characterize model uncertainties
using experimental data in order to improve upon any initial assumptions and
prior knowledge

o Sensitivity analysis to identify the most influential system parameters to
properly focus effort/resources in a probabilistic analysis

e Optimal experimental design to determine the most effective experiments to
perform in order to reduce uncertainty in model calibration and/or to produce
the most precise predictions with uncertainty propagation

Since the ultimate goal is to make a probabilistic prediction with a model
(e.g., Qol with error bars or an associated reliability value) using an uncertainty



propagation method, this task tends to get the most focus and is often thought
of synonymously with UQ itself. While uncertainty propagation can be performed
after assigning any arbitrary uncertainties to model inputs, model calibration is a
necessary initial step to quantify and reduce model uncertainties in a principled
manner based on measured data while taking into account experimental uncertainty.
Sensitivity analysis is typically performed in the model development stage to identify
the parameters whose uncertainty has the greatest impact on the Qol so that those
parameters can be the focus of model calibration and optimal experimental design
efforts. Experimental design is the process of using a predictive model to inform
experiments and allows testing resources to be focused on the measurements that
will benefit the UQ analysis the most.

3 Approach

The UQ workflow introduced in the previous section merely outlines the general
components of a probabilistic analysis, allowing for a plethora of methods and tools
to be leveraged to actually implement the process. This section briefly describes
the specific approach that was applied to the xEMU certification case study while
introducing some relevant mathematical notation. References are supplied throughout
in lieu of a detailed discussion of all concepts.

3.1 Problem Setup

In the spirit of Figure 1, consider a computational model, M, that produces Qol
predictions and an experiment, £, that produces measurement data related to an
engineering system of interest. Let Y € R! represent a scalar Qol that is dependent
on both deterministic inputs, x € R%_ and random parameters, ® € R% through
the model, i.e.,

Y = M(x;9). (1)

The Qol, Y, is thus a random variable because of its dependence on ©. Let p(y) and
p(0) denote the respective probability density functions (PDF's).

Additionally, let D € R™ represent a set of m measurements obtained through
the experiment whose values are assumed to depend on x and @, i.e.,

D=E(%0,e€). 2)

Here, x are prescribed input values defining the experimental setup and € denotes
random variables associated with the measurement process itself (e.g., measurement
noise/error). Thus, the measurement data, D, are also random variables, indicating
that repeated measurements for the same experimental setup will generally result in
different values.

In practice, the experimental configuration in Equation (2) commonly represents
a simplified system versus that of the computational model in Equation (1). For
example, a component-scale experiment may be used to characterize material prop-
erties used in a simulation of a full scale assembly model. In this case, a simpler



computational model may be introduced to simulate the experiment directly:
Ye = Mg(x;0). (3)

Since the auxiliary measured quantity, Yg, is assumed to have dependence on x
and O, the dataset D = {Yg(fc(k))}z”:l can used for the purposes of calibration
or validation. In the context of this case study, D will be used to calibrate the
parameters with quantified uncertainty which will then be transferred to the full
scale model M.

3.2 Uncertainty Propagation

Uncertainty propagation methods seek to estimate p(y) or other Qol statistics using
the model M and estimated/assumed input parameter uncertainty, p(@). As a
baseline approach, this case study considers one of the most well known UQ methods,
Monte Carlo simulation (MCS) [20], which can be represented succinctly as follows

0% ~ p(6) (4)
' = M(x;09) (5)
i=1,... Nuc, (6)

where the first equation signifies that 0 is a deterministic realization of the random
variable, ®, randomly sampled from the PDF, p(8). As shown, MCS involves
evaluating the computational model in Equation (1) Nyc times to produce a
collection of samples, {y(i)}ij\i M, that can then be used to estimate statistics of Y.

Since the case study described in this report is a reliability analysis, the focus is
on using uncertainty propagation to estimate the probability of failure, Py. If failure
occurs when Y exceeds a critical value, y¢, then

Pr = P(Y = ). (@)

Using MCS, the probability of failure can be estimated as follows

1 Nue '
PP = s 200 20 ®
i=1

where 1(condition) is the indicator function, equal to 1 if the condition is true and
0 otherwise. Simply put, Equation (8) estimates Py as the percentage of the Ny¢
model evaluations performed with MCS that resulted in Y exceeding the critical
value. The application of this approach is simple but it is generally computationally
demanding. Since failure is a rare event in most practical problems, it can take a
huge number of samples, Ny, for an accurate resolution of a small Py value. Thus,
if M is expensive to evaluate, then MCS can quickly become infeasible. Section 3.6
describes the approaches used in this case study to make MCS-based estimates of
P; more computationally efficient while retaining accuracy.



3.3 Model Calibration

One common challenge associated with applying UQ in practice is determining an
appropriate PDF, p(8), describing uncertainty in the model parameters, @ [8]. While
deterministic model calibration (or model updating) approaches use optimization
to select single values of @ that result in good agreement between model and
experiment, probabilistic model calibration methods explicitly characterize parameter
uncertainties using measurement data.

This case study considers a well-established approach of Bayesian model calibra-
tion [21] in conjunction with Markov Chain Monte Carlo (MCMC) [22] numerical
sampling to quantify model parameter uncertainty. The conditional PDF of model
parameters given the observed measurement data, p(€|D), is formulated using Bayes’
Theorem. This PDF combines any available prior knowledge about @ with inferred
likelihood of the parameters based on predictions from the model. Intuitively, the
PDF p(6|D) takes larger values for parameters that result in a close agreement
between model and experiment, and smaller values for parameters that result in a
larger mismatch. Since this probability distribution is often analytically intractable
(not available in closed form), sampling algorithms, such as MCMC, can be lever-
aged to draw samples {G(i)}i]il where 8 ~ p(0|D) to represent model parameter
uncertainty. Note that each sample drawn with MCMC, 0, requires an execution
of the model, Mg, for a total of N model evaluations.

3.4 Sensitivity Analysis

When the number of uncertain parameters, dg, is large, it can be challenging to
apply many existing UQ methods. Sensitivity analysis can be used to identify a
small subset of parameters whose uncertainty has the greatest influence on a quantity
of interest. Then, effort and resources can be strategically used in a probabilistic
analysis to analyze that important subset while the remaining parameters can be
treated as deterministic with relatively little impact.

In this study, a density-based global sensitivity measure introduced by [23,24] and
implemented in the SALib Python package [25] was used to quantify the sensitivity
of the Qol to the model parameters. In contrast to moment-based measures [26],
the density-based measure considers the influence of each parameter on the full Qol
probability distribution rather than a specific statistical moment (e.g., variance).
Another advantage of this measure is that its derivation does not depend on any
assumptions of parameter independence, making it particularly useful for complex
computational models with many correlated parameters.

3.5 Optimal Experimental Design

The experimental configuration used to acquire the measurement data, D, can have
a significant impact on the resulting quantified model parameter uncertainty, p(8),
obtained through model calibration. Optimal experimental design methods can
determine the most effective experimental setup, X, from Equation (2), when testing
is expensive and limited. For example, the number of sensors and sensor location can
be selected such that the uncertainty reduction in the model parameters is maximized.



Given the short duration of the UQ R&A Project (see Section 7.1 in the Appendix),
experimental testing was not feasible and thus optimal experimental design methods
were not demonstrated in this case study. Instead, existing measurement data from
tests conducted prior to the start of the project were used.

3.6 Computationally Efficient Approaches

A well-known challenge with applying UQ methods in practice is a potentially
intractable computational cost. Intuitively, when uncertainty is considered in model
parameters, the computational model must be evaluated a large number of times to
assess the range of possible outcomes due to that uncertainty. This is in contrast
with deterministic methods where the model is evaluated just once (or significantly
fewer times) for fixed parameter settings. For the four UQ concepts described above,
the number of samples and model evaluations required to implement them, N, can
be considerably large (O(10%) or more), and even more so when the estimation of
small failure probabilities (Equation (8)) is required. Thus, if the computational
model is expensive to evaluate (e.g., a FEM simulation), the standard application of
UQ can be intractable. The following sub-sections introduce approaches used in this
case study to make UQ more computationally efficient.

3.6.1 Surrogate Modeling

Surrogate modeling! is a common approach for speeding up UQ that involves
replacing the original, high-fidelity, model, M, with an approximate model, M, that
is faster to evaluate. To apply surrogate modeling, a grid of values for the model
parameters, {9(1) le, is first generated either at random (e.g., 0" ~ p(0)), using a
space-filling approach [27], or on a uniform grid within the feasible bounds of the
parameters. Then, the original computational model in Equation (1) is evaluated for
each parameter setting to produce the dataset of input-output pairs
s=1{0", 792, )
where 7 = M(x; 9(i)).2 Using S as training data, one of a variety of regres-
sion/supervised machine learning and interpolation techniques can be used to con-
struct the surrogate model such that M(z;0*) ~ M(x;8*) for new parameter
values, 6*. It is considered good practice to generate an additional test dataset, S*,
with input-output pairs that are unique from those in S in order to validate the
effectiveness of the surrogate model.
In this work, Gaussian Process (GP) regression [28] is used to construct surrogate
models from training data to speed up the demonstrated UQ analysis. GPs have
successfully improved the efficiency of UQ for a wide variety of applications [29-31].

1Surrogate models are also referred to as meta models, reduced-order models, kriging, or response
surfaces depending on the field and approach used to construct them.

2Typically, a surrogate model is constructed for a specific setting of the deterministic inputs, x,
and so multiple surrogate models must be trained if additional settings are to be analyzed.



An advantage of the method is its ability to produce probabilistic predictions which
can facilitate adaptively selected training data for improved accuracy with fewer
evaluations of the original computational model [32-34].

3.6.2 Multi-Fidelity Importance Sampling

While the surrogate modeling approach described in the previous section can alleviate
the computational burden for UQ, it often comes at the expense of accuracy. Since M
is an approximation of the original computational model M, the resulting estimates
for Qol statistics will generally have an associated error or bias, the magnitude of
which is difficult to estimate a priori. Furthermore, even relatively accurate surrogate
models with small global error can result in significant errors in probability of failure
estimates if they are not particularly accurate near the failure threshold. Rather
than substitute the high-fidelity model for a surrogate model, emerging multi-fidelity
UQ methods [35-38] aim to combine predictions for both models (or collections
of models of varying fidelity) for statistical estimators that are both efficient and
unbiased. This case study, in particular, leveraged multi-fidelity importance sampling
(MFIS) [39] to generate efficient and unbiased estimates of probability of failure.

In contrast with the MCS approach shown in Equation (8), an importance
sampling estimator for probability of failure, PJ{ S has the form

Pr~ PP = —> 1y > y)w(0?) (10)

where 8 in this case is sampled from a new PDF, q(8), called the bias distribution,
and w(0) = %. The purpose of the biasing distribution is to give higher probability
density to the values 8 that result in failure (y(8) > y°) so that fewer overall samples
(N1s << Nyc) are required to generate an accurate estimate of Pr. Since ¢ # p
is being used as the parameter PDF, the weighting factor w acts as a correction to
ensure that PJ{S is an unbiased estimator.

The primary challenge with applying importance sampling is constructing an
effective biasing distribution, especially in high dimensions. Doing so requires
knowledge of the areas of the model parameter space that result in failure (the
failure region) according to the computational model prediction and failure threshold.
Multi-fidelity importance sampling (MFIS) overcomes this challenge by leveraging
the surrogate model, M, to efficiently probe the failure region and develop a PDF,
q(0), that assigns higher probability to this region.

First, an MCS is performed analogous to Equation (6) but using the surrogate
model M and for a large number of samples M >> N. Then, a set of parameter
samples, {053)}, that resulted in failure (7 = M(x; 053)) > y¢) are identified. A
PDF can then be fit to this sample data, e.g., using a Gaussian mixture model.
Samples are then drawn from the resulting bias distribution, ¢(0), and evaluated
using the high-fidelity model to build the probability of failure estimator according
to Equation (10). In this way, MFIS provides an efficient mechanism for constructing



an effective bias distribution using the surrogate model and also yields unbiased
failure probability estimators by leveraging the original model to calculate P]{S . For
more details of the MFIS approach, see [39].

3.6.3 High Performance Computing

As mentioned previously, UQ analyses require the repeated evaluation of potentially
expensive, high-fidelity computational models. Even when more efficient surrogate
modeling approaches described in Section 3.6.1 are used, the original computational
model must be executed a large number of times to produce the required training
dataset (Equation (9)). Here, the accuracy of the surrogate model and subsequent
UQ analysis depends critically on the size, S, of this dataset, or number of model
evaluations that can be completed up front.

The ability to access and properly leverage high performance computing (HPC)
resources can substantially reduce the turnaround time for UQ analyses by scheduling
and executing the required model evaluations in a parallel fashion. This case
study relied on midrange HPC resources at NASA LaRC and custom software for
automating batches of simulations and managing the resulting input/output data.
The FEA model of the spacesuit considered in the case study took over 40 hours to
execute in serial (on 1 processor) and 450 evaluations of the model were performed
for the UQ analysis. HPC resources and parallel computing were used to perform
the required 2+ years of computation time in just 2 weeks by running 15 simulations
at a time in parallel, with each simulation running on 10 processors.

3.7 Discussion

It is important to note that UQ is a rapidly evolving research area and the multifi-
delity UQ approach leveraged in this study is just one of a large variety of potential
options that could have comparable or potentially better performance. Even limiting
consideration to within NASA, there are several active areas of research for UQ and re-
liability analysis, including polynomial chaos expansion (PCE)-based approaches [40],
methods based on scenario optimization theory [41], and non-parametric variation
and hybrid parametric variation (NPV/HPV) methods [9].

Out of the many advanced, modern UQ approaches, multi-fidelity methods were
chosen in this project for several reasons. For starters, surrogate modeling is already
a technique that has been leveraged at NASA for probabilistic analyses in several
engineering projects. Therefore, adopting a multi-fidelity UQ method, which keeps
the high-fidelity model rather than replacing it, has a smaller learning curve relative
to many other modern UQ methods for analysts familiar with surrogate modeling.
Furthermore, another advantage of most multi-fidelity UQ methods is that they
perform effectively regardless of the number of random input parameters considered
in a problem. This is in contrast with many modern UQ methods that seek to
directly model the random input parameters, becoming exponentially more difficult
as the dimension increases (i.e. the curse of dimensionality).
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4 Case Study

4.1 Overview

Estimating the reliability of a spacesuit design under potential impact load scenarios
represents both a challenging and relevant case study to demonstrate the utility
of probabilistic methods. The design and certification of the xXEMU spacesuit is
important for NASA’s Artemis program and an explicit probabilistic requirement
was postulated in order to develop a suit that was adequately robust, lightweight,
and mobile. At the time of the UQ R&A Project, this requirement read as follows:
Space suit design shall provide a Probability of no Impact Failure (PnlF) of 0.997
(TBR) or better while supporting 40 hours of two-person EVAs in the lunar surface
environment. Since mature computational models and test data were not available for
xEMU, a previous generation of spacesuit, the Z-2, was substituted for demonstration.
The Z-2 spacesuit was made of a S-2 glass / PW IM10 hybrid composite laminate
and the primary structural components in the assembly were the hard upper torso
(HUT), brief, glass visor, and primary life support system (PLSS).

While the PnlF requirement must be satisfied for a range of potential astronaut
fall events, this case study focused specifically on a scenario resulting in impact to the
HUT portion of the suit. Uncertainties from two primary sources were considered:
1) the material properties governing impact damage initation and progression and 2)
the impact load. Failure was assumed to occur when the maximum contact force
in the HUT due to an impactor exceeded a predefined threshold. The general UQ
workflow described previously was applied in order to:

1. Identify the subset of material parameters that had the most influence on the
contact force using sensitivity analysis (Section 3.4)

2. Quantify the uncertainty in the most influential material parameters using
model calibration (Section 3.3)

3. Estimate the PnlIF in the HUT by propagating uncertainty (3.2) in material
properties and impact loading through the assembly impact model

The remainder of this section describes the available computational models and
experimental data used for the analysis and introduces the simplifications and
assumptions made.

4.2 Models and Test Data

A model of the Z-2 spacesuit assembly was developed by the University of Delaware
Center for Composite Materials using the LS-Dyna FEM software [42], shown in
Figure 2 (a). The model comprised of 52,000 shell elements and 29,700 3D solid
elements, where solid elements were placed in the impact zones to more effectively
predict damage. The fall scenario was simulated using an explicit reverse impact
analysis - the suit assembly was translated in space at a prescribed velocity such that
the HUT contacted a fixed 2 inch sphere - to mimic a realistic impact event. The
suit was internally pressurized at 8.8 psi. The contact force during the simulation

11



(a) (b)

Figure 2. LS-Dyna FEM models for simulating (a) impact on the HUT of the Z-2
assembly and (b) half symmetry impact on a test coupon of a low velocity impact
experiment.

Parameter Description
AM1 Coefficient of strain softening for fiber damage in direction 1
AM?2 Coefficient of strain softening for fiber damage in direction 2
AM3 Coefficient of strain softening for fiber shear and crush
AM4 Coefficient of strain softening for matrix crack and delamination
OMGMX Maximum admissible modulus reduction due to damage
EEXPN | Relative element expansion volume threshold for element erosion
ELIMIT Axial tensile strain threshold for element erosion

Table 1. Descriptions of the key MAT162 material model parameters [44].

was recorded and the maximum force was extracted as the Qol. The assembly model
required approximately 16 hours to execute using 10 CPU cores in LS-Dyna.

Progressive damage in the composite materials was modeled using the MAT162
material model [43,44]. MAT162 was developed specifically to model 3D progressive
damage in unidirectional and plain weave composites using solid elements and explicit
analysis in LS-Dyna. In addition to more standard elastic and strength parameters,
the material model contains several key variables that define post-damage softening
behavior using continuum damage mechanics. These variables are listed in Table 1
along with short descriptions. For more information about the MAT162 material
model and the definitions of the governing parameters, see [43,44].

The damage parameters in Table 1 represent phenomenological variables that
must be determined empirically for a given material by calibrating the model behavior
to low velocity impact (LVI) experiments. Test data was provided for both the S-2
glass and PW IM10 composite materials to facilitate model calibration. Here, the
LVI experiment considered 4-inch x 6-inch test coupons with clamped boundary
conditions. An impactor with a mass of 29.883 lbs moving at velocity of 10.5 ft/sec
was used and the resulting impact force versus time was measured. An LS-Dyna
model of the LVI test setup was also provided, see Figure 2 (b). Due to symmetry, only
half the coupon and impactor had to be analyzed.This model required approximately
2 hours to execute using 4 CPU cores in LS-Dyna.
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The models and test data introduced in this section can be directly related to
the notation provided in the problem setup in Section 3.1. Equation 1 represents
the reverse impact analysis of the Z-2 spacesuit, where M denotes the LS-Dyna
assembly model in Figure 2 (a), Y denotes the maximum contact force, and © denotes
MAT162 material parameters and impact velocity. The LVI test is represented by &£
in Equation (2) and D denotes the resulting contact force measurement data. Finally,
the LS-Dyna model that simulates the LVI test in Figure 2 (b) is denoted by Mg in
Equation (3), where Yz is the predicted contact force in the test coupon.

4.3 Simplifications and Assumptions

Due to both time constraints and a lack of explicit problem specifications over
the course of the UQ R&A Project, several simplifications and assumptions were
introduced to the case study to facilitate the PnlF analysis. Thus, the results
shown in the following section are strictly for demonstration purposes and do not
directly reflect the true reliability of the Z-2 spacesuit. In particular, the following
simplifications were made:

1. Only impact to the HUT portion of the spacesuit is considered

e In the xEMU certification program, the PnlF requirement must be verified
for impacts to all components of the spacesuit (HUT, brief, PLSS, etc.).
Here, only impact on the HUT is considered.

2. Assumed failure criteria

e Impact failure is assumed to simply occur when the maximum contact
force in the HUT exceeds 2800 lbf. This assumption was made in lieu of a
more sophisticated leak rate failure criteria that was under development
at the time of the UQ R&A Project.

3. Assumed impact velocity uncertainty

e The uncertainty in the impact velocity is assumed to be described by a
Gaussian distribution with mean equal to the nominal velocity used in
the previous Z-2 design effort (5.90 ft/sec) and coefficient of variation of
1.25%.

4. Additional uncertainties affecting the impact scenario are ignored

e Several additional factors that contribute to uncertainty in the impact
loading were ignored, including the impactor (rock) shape and properties,
manufacturing defects/variability, and the potential for energy absorption
in regolith beneath the rock.

5. The likelihood of the HUT impact event is assume to be 1.0

e In reality, the PnlF would depend not only on the probability of failure
under the fall scenario considered, but also the likelihood of that fall event
occurring. This likelihood was assumed to be 1.0 for the PnIF calculation.
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6. Uncertainty was considered/quantified in only 1 of 2 materials in the composite
laminate

e Uncertainty was quantified using model calibration for only the S-2 glass
material, while the properties of PW IM10 were fixed at nominal values
determined in the previous Z-2 design effort. Note this likely results in an
underestimation of uncertainty in the predicted maximum contact force
and affects the PnlF value reported.

5 Results

This section presents results from applying the UQ approach described in Section 3
to the Z-2 spacesuit reliability case study introduced in Section 4. The end-to-end
process of estimating the PnIF is demonstrated, including the quantification of
material parameter uncertainty using LVI test data and the application of the MFIS
method described in Section 3.6.2 to efficiently and accurately predict PnlF.

5.1 Quantifying Material Parameter Uncertainty

The first component of the Z-2 PnIF analysis was the estimation of the MAT162
parameter uncertainty using LVI test data. Recall from the previous section that
only uncertainty in the S-2 glass material was considered. Based on subject matter
expert recommendation for this material, the OMGM X and EEX PN parameters
were fixed at values of 0.97 and 1.65, respectively, for the analysis. From here, a
sensitivity analysis (Section 3.3) was conducted to identify the most/least important
remaining MAT162 parameters from Table 1. The uncertainty in the subset of
most influential parameters was then estimated using model calibration (Section
3.4). Since both of these methods require a large number of evaluations of the LVI
experiment model (Figure 2 (a)), a surrogate model was first constructed to alleviate
the computational burden associated with running the full fidelity LS-Dyna model.
This section presents the results from each of these steps taken to arrive at material
parameter uncertainty estimates.

5.1.1 Coupon Surrogate Model Construction

Following the discussion in Section 3.6.1, a surrogate model was developed to
approximate the LS-Dyna LVI test model shown in Figure 2 (b) to allow for efficient
sensitivity analysis and model calibration. First, a training dataset was generated.
The following bounds were chosen for the MAT162 parameters based on their expected
and feasible ranges [43,44]:

AM1 € [0.001,4.0
AM?2 € [0.001,4.0
AM3 € [0.001,4.0
AM4 € [-15,1.5
ELIMIT € [1.0,7.0].

]
]
] (11)
]
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Figure 3. Force versus time outputs from 1200 evaluations of the LS-Dyna LVTI test
model for randomly sampled MAT162 parameter values.

The predicted force versus time response was then computed for 1200 different
parameter values that were drawn uniformly at random from within the above
bounds using the LVI test model. To alleviate the computational burden, 30 FEM
simulations were run at a time using the automated batching software (Section
3.6.3), each of which was executed on four CPU cores such that all simulations were
complete in around one day. The resulting force versus time curves are shown along
with the LVI test data in Figure 3. The training dataset for the surrogate model was
then produced by filtering out those curves (and corresponding MAT162 parameters)
that produced a maximum force less than 14000V, resulting in 799 input/output
pairs.

Using the training dataset, a GP regression surrogate model was constructed? to
predict the force at 50 evenly spaced points in time for a given set of MAT162 input
parameter values. A separate test dataset containing 192 input/output pairs was
generated using the same process outlined above to assess the effectiveness of the
surrogate model. Figure 4 shows a scatter plot of predicted maximum contact force
for the surrogate model (y axis) versus the FEM model, showing a reasonable degree
of accuracy (RMSE = 378.64) for a fraction of the computational cost.

5.1.2 Sensitivity Analysis

After constructing a surrogate model that could effectively relate MAT162 material
parameters to the resulting contact force in a simulated LVI test, a global sensitivity
analysis was conducted to quantify the influence each parameter had on the predicted
response. Specifically, the sensitivity of the peak force from LVI to the variation
of the MAT162 parameters within the bounds from Equation (11) was computed
following the approach in Section 3.4. The resulting parameter sensitivity ranked in

3The Scikit-Learn Python module was used for GP regression [45]
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Figure 5. Sensitivity of the peak force in the coupon model to each MAT162
parameter.

order of importance is shown in Figure 5. Based on this analysis, uncertainty was
quantified in the three most influential parameters, AM1, AM?2, and AM4, while
the values of the least influential parameters, ELIMIT and AM3, were fixed at
their deterministic, “best-fit” values.

5.1.3 Model Calibration

A probabilistic model calibration was performed to quantify the uncertainty in the
three most influential MAT162 parameters selected via sensitivity analysis. The
inverse problem was formulated using Bayesian inference and MCMC simulation
was used to approximate the probability distributions of the input parameters given
the available LVI test data, as described in Section 3.3. Again, the GP surrogate
model was used to significantly speedup the model calibration process. A total of
500, 000 samples were generated using MCMC to estimate the uncertainty in the
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Figure 6. Input parameter PDF's.

MAT162 parameters. The resulting probability distributions are shown by the blue
curves in Figure 6 (a), (b), and (c). It can be seen that there is a significant amount
of variability in the parameters, meaning there is a relatively large region of the
parameter space that yield predicted responses close enough to the LVI data to be
considered probable.

For illustration, the uncertainties in Figure 6 were propagated through the
surrogate model to produce the full force versus time curve, shown in Figure 7. Here,
each LVI test data point used in the calibration is represented by a red “x”. The
probabilistically calibrated model response comprises three components: a black
line representing the median prediction, a dark grey region representing the 95%
credible intervals, and a light grey region representing the 95% prediction intervals.
The credible intervals contain 95% of the simulated forces at a given time based
on model input uncertainty alone. The prediction intervals consider both model
input uncertainty and measurement noise and thus can be interpreted as containing
a potential future measurement with 95% probability. The primary take away is
that the probabilistic model calibration fits the data rather well and also provides a
measure of uncertainty that can facilitate the reliability analysis.
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Figure 7. Comparison of the calibrated coupon (surrogate) model predictions versus
the LVI test data.

5.2 Estimating Reliability (PnIF)

The section provides results from applying uncertainty propagation to estimate Z-2
spacesuit reliability (i.e., PnIF) considering uncertainty in material properties and
impact velocity. The FEM model of the Z-2 spacesuit (Figure 2 (a)) was used to
simulate impact to the HUT section of the suit assembly. The PnlF was calculated
as 1 — Py, where probability of failure, Py, is defined in Equation (7). Recall from
Section 4 that Y represents the maximum contact force in the HUT portion of the
suit and the failure threshold was assumed to be y¢ = 2800 Ibf. Furthermore, the
impact velocity uncertainty was assumed to follow a Gaussian distribution with a
mean of 5.90 ft/sec and coefficient of variation of 1.25%, shown in Figure 6 (d).

Uncertainty in material properties is based off the probabilistic model calibration
presented in the previous section. In order to demonstrate the MFIS method
introduced in Section 3.6.2 for predicting P, however, a Gaussian distribution was
fit to the calibrated material parameter uncertainty using MCMC. This was done to
simplify the evaluation of the input PDF, p(8), to calculate the weights, w(8), in
Equation (10).* The Gaussian approximations to the input PDFs are shown by the
orange curves in Figure 6 (a), (b), and (c), where good agreement with the original
MCMC-based probability distributions can be seen.

In summary, the probability distribution, p(@), for the four uncertain model
parameters, @ = [AM1, AM2, AMA4,V;], is explicitly specified as follows

p(e) = N(/"’G? 29)) (12)

4Note: a closed form density function was used out of convenience but is not believed to be
strictly necessary. A more advanced sample-based estimate, e.g., leveraging [46], is a potential
alternative.
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where N is a Gaussian distribution with mean
o = [4.160}(10_1 1.542 1.031x1072 5.900]T (13)

and covariance matrix

2.750x1073  —4.940x10~32 —3.732x103 0.0

5 - —4.940x107%  1.856x10"%  3.201x1073 0.0 (14)
= 1 -3.732x10~3 3.201x10~3  5.505x10~2 0.0
0.0 0.0 0.0 5.439x10~3

Here, V; denotes the impact velocity. Equation (14) shows that the probabilistic
model calibration approach not only estimates joint PDF's of the material parameters
but also the covariance structure describing the correlations between them. Note
that the impact velocity is assumed to be independent of the material parameters
here.

The PnlF was first predicted using standard MC simulation with a surrogate
model of the Z-2 spacesuit FEM model. With the efficiency of the surrogate model,
the effects of material uncertainty only versus combined material and impact velocity
uncertainty could be studied separately. Then, an MFIS estimate was generated
that combined predictions from both the surrogate model and the high-fidelity FEM
model, as described in Section 3.6.2. A high-fidelity MC estimate was also generated
using 2500 evaluations of the Z-2 spacesuit FEM model for comparison. The following
sections provide these estimates as well as details of the Z-2 spacesuit surrogate
model development.

5.2.1 Assembly Surrogate Model Construction

Following the discussion in Section 3.6.1, a surrogate model was developed to
approximate the LS-Dyna Z-2 spacesuit model shown in Figure 2 (a). First, a
training dataset was generated. The maximum contact force was computed and
stored for 200 input samples randomly drawn from the probability distribution in
Equation (12). To alleviate the computational burden, 20 FEM simulations were
run at a time using the automated batching software (Section 3.6.3), each of which
was executed on ten CPU cores such that all simulations needed for training data
were completed in around one week.

Using the training dataset, a GP surrogate model was constructed to predict
the maximum contact force in the spacesuit as a function of the four random input
parameters. A separate test dataset containing 200 input/output pairs was generated
to assess the effectiveness of the surrogate model. Figure 8 shows a scatter plot of
predicted maximum contact force for the surrogate model versus the FEM model,
showing a reasonable degree of accuracy (RMSE = 48.67) for a fraction of the
computational cost.

5.2.2 Surrogate-Based Monte Carlo Reliability Estimate

Using the GP surrogate model as an approximation to the Z-2 FEM model, the
uncertainty in the input parameters described by Equation (12) was propagated

19



| [RMSE = 48.67

[
a
= 2750+
[0]

Surrogate Contact Forc
N N
(o)) [
(S o
o o
®e
°
@ °

24501 ® & ™ Assembly Model

2500 2550 2600 2650 2700 2750
FEM Contact Force (Ibf)

Figure 8. Surrogate model accuracy for the assembly FEM model.

]
= = Nominal I
0.014 =+ Threshold I
>\0_012_ ? Fixed Lo.ad .
.%' = a Uncertain Load |
S 0.010 i
o .
20.008 |
E .
% 0.006 |
& 0.004 |
0.002 - I
0.000

2300 2400 2500 2600 2700 2800 2900 3000
Max. Contact Force (Ibf)

Figure 9. Distribution of maximum contact force in the suit assembly model.

20



Deterministic | Uncertain Material | Uncertain Material & Load

Reliability (PnlF) 1.000 0.9918 0.9852

Table 2. PnlF calculated with a deterministic (using nominal material parameters
and impact velocity) and probabilistic approach using surrogate model-based MC
simulation.

to probabilistic predictions of maximum contact force using MC simulation with
10° samples. The resulting PDFs of maximum contact force are shown in Figure
9 for both the case of a nominal load (green) and an uncertain load (blue) due
to the random impact velocity. The deterministic prediction of maximum contact
force is also shown in comparison to the failure threshold of 2800 Ibf. The PnlF is
represented by the area under the PDFs to the left of the failure threshold in Figure
9, calculated using Equation (8) based on the samples of maximum contact force
from the MC simulation. These estimated PnlF values are shown in Table 2.

For the assumptions made and the problem setup described in this report, it can
be seen that the deterministic prediction of maximum contact force using nominal
input parameter values is significantly lower than the failure threshold (i.e., PnIF
= 1.000). However, considering the calibrated uncertainty in the MAT162 material
model only with a fixed impact velocity resulted in 287.61bf of variation® in the
predicted contact force in the suit, representing 10.9% variability with respect to the
uncertainty-free nominal prediction. In this case, the calculated PnIF was 0.9918.
This result underscores the importance of probabilistic model calibration since a
deterministic approach that chose a single parameter setting would have ignored the
non-negligible probability of failure due to material uncertainty. Recall also that
uncertainty in only one of two materials was accounted for, so the actual variability
caused by material uncertainty is most likely higher. Finally, when uncertainty in
the impact velocity is also considered, there is significantly more variability (4691bf,
or 17.8% with respect to the nominal prediction) in the predicted maximum contact
force in Figure 9, as expected. In this case, the PnlF is reduced to 0.9852.

5.2.3 Multifidelity Importance Sampling Reliability Estimate

While estimating reliability with a surrogate model-based approach is commonly
used due to its computational efficiency, the resulting estimate will generally be
biased due to discrepancies in the surrogate model approximation (see Figure 8). As
discussed in Section 3.6.2, the MFIS method offers an unbiased reliability estimate
at the expense of a moderate number of additional high-fidelity model evaluations,
representing an effective balance between low- and high-fidelity MC simulation. This
section details an MFIS estimate of PnlF that was produced in this case study.

To estimate PnlF with MFIS, the surrogate model described in Section 5.2.1
was used to efficiently generate a bias distribution, ¢(€), and then the Z-2 FEM
model was used to evaluate Equation (10) to yield an unbiased estimator. Here, MC
simulation was performed with the surrogate model with 10° random samples from

®Defined as the difference between the 99" and 1°¢ percentiles of the PDF
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the input distribution (Equation (12)) to identify the subset of samples, {953)}, that
resulted in failure, i.e., maximum contact force predictions greater than 28001bf. A
Gaussian mixture model was fit to these samples to produce the bias distribution,
q(0). Then the Z-2 FEM model was evaluated for 250 random input samples drawn
from ¢(@) to calculate PJ{S from Equation (10). Finally, the PnIF using MFIS was

obtained as 1 — P]{S .

The PDF of maximum contact force values computed using the Z-2 FEM model
and the MFIS bias distribution, ¢(@), is shown in Figure 10. For comparison, the
PDF of 2500 predicted force samples using the original input distribution, p(8), is
shown as well. Importantly, it can be seen that the PDF from the bias distribution
is shifted towards higher maximum contact force values, resulting in more samples
above the failure threshold. Specifically, the bias distribution leads to a 6.4% failure
rate (16 out of 250 samples) versus the 0.68% failure rate observed from the original
input distribution (17 out of 2500 samples). This is the mechanism by which MFIS
(and more generally, importance sampling) obtains accuracy gains for estimating Pr.

Table 3 compares the estimated PnlF using the low-fidelity (surrogate model-
based) MC approach described in the previous section, using high-fidelity (Z2 FEM
model-based) MC simulation, and MFIS. The table also includes the number of
72 FEM model evaluations required to obtain the estimates. It can be seen that
the MFIS PnlF estimate shows significantly closer agreement with the high-fidelity
MC estimate versus the low-fidelity MC estimate (0.02% difference versus 0.81%
difference). The reliability estimates for each method are further compared in Figure
11, which includes error bars representing the 95% confidence intervals. It can be
seen that the confidence interval widths for the MFIS and high-fidelity MC estimates
are comparable, despite MFIS requiring significantly fewer FEM model evaluations.
This is a consequence of the higher failure rate achieved with the MFIS approach.
The low-fidelity MC estimate and confident interval lie well outside the confidence
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Low-Fidelity MC | High-Fidelity MC | MFIS
Reliability (PnlF) 0.0852 0.9932 0.9930
# FEM Evaluations 200 2500 450

Table 3. Comparisons of reliability estimates for high- and low-fidelity MC versus
MFIS.

interval for high-fidelity MC, reflecting a prediction bias due to approximation errors
with respect to the high-fidelity FEM model. This highlights the potential pitfalls of
relying solely on a low-fidelity surrogate model for UQ.

From the number of Z-2 FEM evaluations reported in Table 3, it can be seen that
the MFIS solution represents a tradeoff between computational expense and accuracy.
Both the low-fidelity MC and MFIS estimates require 200 FEM evaluations to
generate training data for the surrogate model, but then MFIS required an additional
250 FEM evaluations to compute Equation (10). Both approaches also used 100000
evaluations of the surrogate model, but this expense is assumed to be negligible
since the total computation time for this was ~ 10 seconds. The tradeoff between
computational efficiency and accuracy observed here suggests the following “tiered”
approach to reliability analysis: 1) a surrogate-model based prediction as a fast but
potentially inaccurate preliminary estimate, 2) an MFIS prediction as an unbiased
estimator that requires a moderate level of computational expense, 3) a brute force,
high-fidelity MC estimate that is most rigorous but potentially intractable for some
applications and computational models. Finally, the effectiveness of the MFIS
approach is known to depend particularly on the accuracy of the surrogate model
predictions near the failure threshold [39]. Accurate failure region resolution leads
to more effective bias distributions which in turn increases the observed failure rate
for MFIS and precision in reliability estimates. Thus, developing advanced training
strategies to produce surrogate models with this characteristic for use with MFIS is
the subject of ongoing and future research.

6 Conclusions

This report presented a probabilistic analysis case study focused on estimating the
reliability of a next-gen spacesuit design under impact loading. While the work
was motivated by the certification of the new Exploration Extravehicular Mobility
Unit (xEMU), computational models and test data were used from the previous
generation of spacesuit, the Z-2, for demonstration purposes. Considering uncertainty
in impact velocity and the material parameters that govern damage in the composite
suit, the probability of no impact failure (PnlIF) for the Z-2 was estimated using
an uncertainty quantification (UQ) workflow. The study focused in particular
on approaches for overcoming two of the typical challenges with employing UQ
methods in practice: estimating uncertainty in model parameters and alleviating the
prohibitive computational burden associated with UQ when expensive, high-fidelity
models are needed. For the former, sensitivity analysis was used to identify the
most influential material parameters in causing the assumed failure condition and
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then Bayesian inference was used to estimate the probability distributions of those
parameters from LVI test data. For the latter, it was shown that surrogate modeling,
high performance computing, and an advanced reliability analysis method, MFIS,
can be leveraged to perform UQ in a computationally tractable way despite relying
on expensive FEM models for predictions. Several simplifying assumptions were
introduced to conduct the PnlF demonstration under time constraints, including
ignoring a range of additional sources of uncertainty in astronaut fall probabilities,
spacesuit manufacturing defects, impactor shapes/sizes, etc., and were listed in
detail in the report. The results showed that the quantified material parameter
uncertainty results in at least 10% variation in the predicted contact force with
respect to the uncertainty-free nominal prediction, underscoring the importance of
the model calibration process. Finally, the MFIS method was shown to produce
PnlF estimates that were more accurate than relying on a surrogate model alone,
but more efficient than a brute force MC simulation approach that used only the
Z-2 FEM model.
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7 Appendix

7.1 UQ R&A Project Overview

The Engineering R&A Program was launched in FY2020, aiming to restore NASA’s
investment in fundamental engineering capabilities by sponsoring a cohesive
portfolio of engineering research across the Agency. In doing so, new tools,
techniques, and methods could be elevated from research-level usage into standard
NASA practice. Emphasis was also placed on leveraging relevant activities and
expertise at other national labs, industry, and academia. The UQ R&A Project was
selected as one of five Engineering R&A topics for funding.

The UQ R&A Project was motivated by limitations of factors of safety (FoS) and
uncertainty factors that are traditionally used for design at NASA. These factors
may be applied sequentially by multiple teams throughout design, stacking
conservatism, inefficiencies, and cost growth. Furthermore, the commonly used 1.4
FoS in NASA standards resulted from decades of experience and so the proper
specification for new vehicle types, materials, and environments poses a great
challenge. Future space missions will require a rational basis for meeting stringent
mass requirements and narrower margins where the application of typical FoS is
impractical. Many probabilistic tools exist that can address these challenges, but
best practices for their use and implementation in design and operations at NASA is
lacking.

The goal of the UQ R&A Project was to help integrate modern UQ methodology
and tools into engineering practice at NASA. In doing so, a foundation would be
provided for a long-term transition away from FoS and towards reliability-based
design. By taking a reliability-based approach to design, NASA can potentially
enable substantially reduced mass/costs, higher performance through narrower
margins, rigorous assessments of mission risk and the tradeoff between risk and
costs, and ultimately, safer and more reliable flight systems. Under the UQ R&A
Project, an emphasis was placed on broadly developing a sustained workforce in the
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area of UQ over the course of the originally slated four year project duration. This
was to be done by establishing and documenting best practices for UQ-based
analysis, identifying viable existing UQ tools/software as well as developing new,
in-house capabilities, and aiming to overcome common barriers to the adoption of
UQ practices, including computational intractability. The certification of the xEMU
spacesuit was selected as the primary case study with which to highlight the
advantages of a probabilistic analysis.

In early 2020, it was announced that the entire R&A Program was being defunded
as part of broader cuts to discretionary funding across NASA. The UQ R&A
Project was thus a one year effort only with a substantially reduced budget instead
of the originally planned four year effort. Given the reduced scope, the main
objective of the project shifted towards laying a foundation for future work to
sustain progress in the areas of UQ and reliability-based design at NASA. This was
done both through strategic procurement purchases and persistent advocacy for
follow-on support using preliminary project results. Deliverables related to the
xEMU spacesuit certification case study were given higher priority given the current
importance of xEMU to NASA and the infusion opportunity it presented. The team
worked quickly to put a basic UQ workflow in place and demonstrate its
effectiveness with estimating the reliability for spacesuit design. In this way, initial
versions of in-house UQ capabilities were developed for future use at NASA while
preliminary results were used to secure follow-on support under the xEMU project.
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