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ABSTRACT

There is a dearth in the literature on how to capture the uncertainty generated by material surface
evolution in thermal modeling. This leads to inadequate or highly variable uncertainty representations
for material properties, specifically emissivity when minimal information is available. Inaccurate under-
standings of prediction uncertainties may lead decision makers to incorrect conclusions, so best engi-
neering practices should be developed for this domain. In order to mitigate the aforementioned issues,
this study explores different strategies to better capture the thermal uncertainty response of engineered
systems exposed to fire environments via defensible emissivity uncertainty characterizations that can be
easily adapted to a variety of use cases. Two unique formulations (one physics-informed and one mathe-
matically based) are presented. The formulations and methodologies presented herein are not exhaustive
but more so are a starting point and give the reader a basis for how to customize their uncertainty defi-
nitions for differing fire scenarios and materials. Lastly, the impact of using this approach versus other
commonly used strategies and the usefulness of adding rigor to material surface evolution uncertainty is
demonstrated.

Nomenclature

ATE abnormal thermal environments

iLHS incremental Latin hypercube sampling
k rate of transition (parameter used in f3s)
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SNL Sandia National Laboratories

T temperature, °C

T temperature representative of system environment, °C (parameter used in )
Ty transition point, °C (parameter used in fs)

% (Ib,ub) uniform uncertainty distribution (Ib - lower bound, ub - upper bound)
UQ uncertainty quantification

Xy first multiplicative standardized uncertainty term of &

X second multiplicative standardized uncertainty term of €

Xmue uncertainty multiplier (used in multiplicative uncertainty approach)

o first additive nominal uncertainty term of &

B second additive nominal uncertainty term of &

Be radiation heat transfer analogous driven form of 3

Bs sigmoidally form of 3

Yy asymptote value (parameter used in Bs)

€ nominal emissivity

& perturbed emissivity

[S="

Introduction

In order to leverage physics-based computational simulations to support decision making, the credibility of the
associated predictions must be understood. Aspects essential to prediction credibility include understanding the
underlying assumptions and the uncertainty associated with the prediction. Key sources of prediction uncertainty
include numerical errors, geometric or physical simplifications, boundary condition characterization, and model
specifications such as material properties. Ignoring prediction uncertainty can lead to over-confidence in system
performance, non-optimal resource allocation, and incorrect decisions. Characterized prediction uncertainty can
be used to improve the understanding of a product’s margin to a performance requirement or a performance
metrics’ sensitivities to process variables. Quantification of the different sources of prediction uncertainty require
different techniques. For instance, solution verification methods can be used to quantify numerical errors [1]
and mathematical techniques from the field of uncertainty quantification (UQ) can be used to propagate material
property uncertainty to output quantities of interest [2].

This work focuses on characterizing thermal material property uncertainties for engineered systems in ab-
normal thermal environments (ATE). This specificity of the environment is necessary to rationalize some of the
subsequent engineering knowledge-based assumptions. ATE will encompass situations where the systems are in
fires, near fires, and in a container in/near fires. The goal of ATE analyses is to understand system performance
in terms of thermal quantities such as temperature or heat flux to specific system components, when subjected to
representative thermal loads. In order to reach this objective, an effort to understand uncertainty in the predictions
should be undertaken. An initial step for conducting such a UQ analysis is to create an inventory of uncertainty
sources that may impact the predicted quantities of interest. Thermal material properties typically considered
when constructing uncertainty inventories for ATE analyses include thermal conductivity, specific heat, emissiv-
ity, reaction rates, and phase change energy. Characterization of material property uncertainty can be derived from
experimental data or subject matter expertise in sparse data situations.

Material property uncertainty can be broken into two categories: aleatory and epistemic [3]. Aleatory uncer-
tainties, also known as non-reducible uncertainties, characterize the anticipated natural variability. For thermal
material properties this variability comes from variation in local material composition, manufacturing processes,
source material, design tolerances, etc. If not provided by the manufacturer, such variability can be characterized
by comparing properties of different material lots (lot-to-lot variability) as well as replicate tests within a lot (in-
herent material variability). Epistemic uncertainties, also known as reducible uncertainties, characterize lack of
knowledge and thus will not actually impact the true system performance. Such lack of knowledge may impact
material properties to different degrees: the nominal property value may be unknown, there may not be data on
how the property trends with temperature, or the impact of the environment of interest on the property may have
not been characterized. Aspects of measurement uncertainty may also be considered epistemic sources, where
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increased sample sizes and replicates may help mitigate errors in the measurements. The reducible versus non-
reducible taxonomy refers to the idea that aleatory uncertainties are true variabilities which cannot be reduced with
additional knowledge, while epistemic uncertainties can be reduced or even removed with sufficient knowledge,
e.g., additional tests or further literature searching.

For most real-world analyses, it becomes difficult to separate aleatory and epistemic uncertainties. While
it may be anticipated that a property naturally contains some variability, the analyst’s state of knowledge about
the property’s nominal value may also be limited, leaving the final uncertainty characterization to include both
sources. The ideal situation for uncertainty characterization is to have substantial and relevant experimental data,
from which epistemic uncertainties can be minimized and aleatory uncertainties characterized. Less optimally,
analysts may lack immediate access to the necessary experimental data and the resources necessary to gather all
such data. Realistically, the fidelity of an analysis should mirror the fidelity of an answer necessary to make well
informed decisions. Some analyses deemed exploratory or scoping may be amenable to less refined understand-
ings of uncertainty. Sparse data situations are the focus of this work herein.

In sparse data situations, physics informed uncertainty characterizations are necessary to get meaningful pre-
diction uncertainties. An example of this for thermal material properties, commonly employed by thermal analysts
at Sandia National Laboratories (SNL), is specifying an uncertainty characterization that increases as the temper-
ature increases [4]. The physics basis for this approach includes the assumption that the understanding of the
phenomena occurring reduces at higher temperatures and related to the first point, measurements become more
difficult at higher temperatures. Another way to think about this uncertainty characterization is that un-modeled
physics phenomena are causing model form uncertainties, which are being absorbed into material property un-
certainty characterizations. For the ATE of interest, such un-modeled physics for the material property emissivity
may include the effects of surface oxidation and soot deposition.

Probabilistic uncertainty characterizations are used throughout this work. Given the mixed aleatory-epistemic
nature of the uncertainties being characterized, the prescribed distributions are interpreted as representing analysts’
belief about the material properties’ potential values. Higher probability is assigned to more strongly believed
property values. Commonly used distributions for uncertainty characterization include normal, uniform, and
triangular. Normal distributions indicate strong belief in nominal parameter definitions, uniform distributions
indicate equal belief over a prescribed interval of values, and triangular distributions allow for non-symmetric
distributions. It is important to understand how using belief-based uncertainty characterizations impact prediction
uncertainty interpretation; prediction uncertainty for such analyses should be interpreted as the analysts’ belief
about where the true prediction may lie, but not strictly the anticipated variability in system performance. Other
uncertainty characterization options available for this type of analysis include interval approaches or belief and
plausibility [5, 6]. The probabilistic approach used for this work was selected due to the ease of communicating
its results to the customer and availability of software able to propagate such uncertainty representations [7].

The remainder of this paper is structured as follows. Section 2 provides a detailed statement of the emissivity
uncertainty characterization problem. The proposed uncertainty characterization methodology is presented in
Section 3, compared to representative datasets in Section 4, and demonstrated on an exemplar application in
Section 5. Conclusions are provided in Section 6

2 Problem Statement

While the characterization of many material properties of engineering systems in ATE could use improve-
ment, we have found significant sensitivity of many of our ATE analyses to the characterization of emissivity.
There is generally higher uncertainty in emissivity when it initiates with at lower value to the large variance of
this thermophysical property due to surface changes especially when modeling fire environments, as shown in
Figure 1. The ideas presented herein are meant to provide general guidance for analyses lacking explicit uncer-
tainty definitions. Specifically, we want to perturb emissivity in a more physically reasonable manner for studies
quantifying prediction uncertainty. Our previous approaches to perturbing emissivity (e.g., in an incremental Latin
hypercube sampling ((LHS) study [7, 8]) were to either: i) use triangular distributions as multiplicative modifiers
or ii) use bounded normal distributions as additive modifiers [4].

Both previous approaches functioned acceptably at achieving a portion of our objective, but neither was ideal.
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Fig. 1: Conceptual illustration of possible impact of ATE on emissivity of the surface of a system of interest.
Emissivity may evolve over time as the surface is exposed to an ATE due to associated phenomena including
increasing temperature, oxidation, and soot deposition.

If the nominal emissivity definition was a single constant value, approach (i) would allow the potential vari-
abilities in material finish as well as any measurement uncertainty to be well characterized for room temperature
conditions. When emissivity was characterized as an increasing function of temperature, approach (i) would allow
the uncertainty to increase as a function of temperature. An issue with using a single multiplicative uncertainty
factor to capture both temperature dependent uncertainty and room temperature variability, is that it can be dif-
ficult to select a value that simultaneously characterizes both. Thus, both options define the uncertainty a priori
without the possibility of dynamically modifying the uncertainty during the transient. To reiterate, we aspire to
better capture mathematical uncertainty for emissivity over a large range of temperatures. Our assumptions for
our proposed methodology are that a) low emissivity materials have larger uncertainty than higher emissivity ma-
terials when modeling over large temperature ranges (including ATE) and b) material surface evolution at higher
temperatures proportionally increases emissivity uncertainty with temperature.

3 Methodology

The proposed strategy is based on combining the strengths of the two approaches previously utilized (i) and
(if). A baseline uncertainty prior to exposure to ATE as well as increased uncertainty as a function of temperature
are both desired. To meet both of these objectives, the following uncertainty characterization form is proposed:

8(T) = (T) + Xa@(T) + XpB(T). ()

In Equation (1), € is the perturbed emissivity value; € is the nominal emissivity value; & and 3 are both additive
nominal uncertainty terms; and X, and X3 are both multiplicative standardized uncertainty terms. The distinc-
tion between the nominal and standardized uncertainty terms is that the standardized terms are zero centered
uncertainty distributions that are shifted by the nominal uncertainty terms, which are constants or take a func-
tional form. Here, o is meant to capture the non-ATE uncertainty sources, while 8 will capture ATE uncertainty
sources. When implementing a UQ study, the uncertainty distributions prescribed for Xy and Xg will be forward
propagated through the system model, via a method such as iLHS [9]. Forward propagation of both terms will
allow their impacts on predicted quantities of interest to be uniquely identified. Although temperature in terms
of degrees Celsius is used throughout this work, the units used within any portion of the proposed emissivity
uncertainty characterization need only to be internally consistent and consistent with the boarder system model.
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Having two uncertainty terms allows for a range of uncertainty sources to be captured. Aleatory uncertainty
due to inherent variability in the material property as well as associated epistemic measurement error are captured
by . While multiple measurements may not be available for characterizing the material’s inherent variability,
measurement uncertainty is always present and may simply be a rule of thumb based on the type of measurement.
Both inherent variability and measurement uncertainty impact characterization of the material property across
the span of temperatures of interest, but may only be the dominate uncertainty sources at lower temperatures
where the higher temperature phenomena are unimportant. Model form uncertainties, or the impact of unknown
phenomena occurring as the ATE reaches higher temperatures, can be represented by . While @ may represent
uncertainty that is approximately constant across the temperature range of interest, the uncertainty associated with
B is generally thought to increase as a function of temperature, due to the increased lack of knowledge about the
physical phenomena occurring in the ATE and difficulty in experimentally characterizing the surface emissivity
as temperatures increase. Therefore, 8 is intended to approximate discrepancies due to unrepresented phenomena
occurring in ATE scenarios including: i) oxidation, ii) sooting, iii) phase change, and iv) coating decomposition.

The functional form for 8 requires a definition for use in analyses. We present two options for defining 3, but
other forms may be more appropriate for a particular problem depending on the nature of the underlying model
form error.

In the first form, B¢, the increased uncertainty is driven by temperature raised to the fourth power (physics-
inspired) as

T4
Be(1)= 1. @

where T is a temperature selected by the user to represent the environment impacting the larger system and 7 is
the temperature for the surface of interest. As an example, for a fully-engulfing hydrocarbon fuel fire, 1000°C
is a temperature we might suggest for 7. With this § form its impact is minimal for temperatures significantly
smaller than the specified T (T < T) and may need to be fixed at a maximum as it approaches T. This form of f3
is inspried by the analogous form of radiation heat transfer, and thus is refered to with this nomenclature.
Alternatively, we propose a (mathematically based) sigmoidal representation of the uncertainty

Bs(T)= —— 3)

- 1_|_efk(T7T0) :

This form assigns near-zero values to 8 at T < Ty, and then smoothly (according to k) approaches higher value,
Y, with the transition centered at the temperature 7. This provides flexibility to the definition while limiting
the growth at high temperatures, preventing unphysical emissivity values. However, lacking evidence, it may be
difficult to properly assign values to the additional parameters.

3.1 Functional Behavior of 3

The physics-informed surface finish multiplier (2) behaves as shown in Figure 2. The combined methodol-
ogy which is partially driven by B is attempting to better capture the mathematical perturbative behavior over a
large temperature range while simultaneously applying physical constraints (modeled as temperature to the fourth
power) to imitate radiative heat transfer, which is constitutively linked to the thermophysical property of interest
(&). Note that B, can lead to unphysical values if an arbitrary maximum is not enforced (this maximum is enforced
in later discussion).

The sigmoidal version of 3, Bs, has a number of parameters to provide flexibility to its definition. Namely,
Y determines the maximum value attained by s at high temperatures (see Figure 3a), T dictates the temperature
at which the ATE-driven uncertainty becomes important (see Figure 3b), and k influences the rate at which the
transition to ATE uncertainty occurs (see Figure 3c). These parameters will need to be chosen based on the
material in question, any coatings present, and the experimental conditions (e.g. temperature ramp rate, presence
of soot).
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Fig. 2: B, curves, subject to variations in 7.

3.2 Usage Caveats of

The proposed methodology certainly is not all inclusive nor complete. More so, the intent here is to enhance
the status quo for defining emissivity uncertainty over large temperature ranges to include ATE. A user of the
methodology can surely re-define 3 to better suit specialized data or specific boundary conditions/scenarios.

Below is a list of the methodology caveats:

e There is no restriction on emissivity values enforced by this methodology. Therefore, it is mandatory for the
user to ensure that emissivity values are physical. Fortunately, this bookkeeping needs to be done only once
per UQ study.

o It is assumed that uncertainty increases as a material surface evolves.

e The accuracy of this methodology is also driven by the selection of the additive modifier. Therefore, a poorly
chosen o will render 8 unavailing in its associated &.

e The work here assumes an ideal gray body (wavelength dependencies are ignored).

e While it is typically true that metals exhibit higher emissivity with increasing temperatures, the opposite
behavior is often observed with oxides and glasses [10].

e The selection of B parameters will fall to expert judgment, but generally, one should favor larger uncertainties
when faced with lack of information.

e This method does not account for the physical consequence associated with material melting on uncertainty.
This can be mitigated by deactivating this methodology at the point of melting.

4 Material Analysis

Work sponsored by SNL at the Thermophysical Properties Research Laboratory examined the progression of
oxidation for Inconel 600 (a popular material used for high-heat applications). Figure 4 demonstrates how the
emissivity curves are strongly dependent on oxidation levels. Furthermore, the degree of oxidation was observed
to be a function of time, temperature, oxygen level, and exposure time [11]. As such, there is no straight-forward
way to formulate a rigorous temperature-dependent emissivity curve for Inconel that could be applied to a variety
of ATE. Because the degree of oxidation is multifactorial, we expect a high degree of uncertainty due to oxidation,
which will be reflected as a high degree of uncertainty about the emissivity.

While Inconel 600 is useful as part of an experimental setup, stainless steel is another common material found
in engineered systems subject to ATE. Figure 5 shows stainless steel emissivities versus temperature (curves
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Fig. 3: s curves, subject to variations in the parameters, v, k, and Ty. When not specifically specified y = 0.6,
k=0.01, and Ty = 600.

reproduced from data from [15]). Note that greater degrees of oxidation of the stainless steel corresponds to
higher emissivities across all temperatures.

Recalling that it is difficult to generalize/predict the oxidation progression (and subsequently the emissivity
evolution), the addition of B to the uncertainty definition aims to capture the possible behavior with sufficiently
large bounds to encapsulate the possible oxidation states. Figure 6 demonstrates how both B¢ (T = 1010°C) and
Bs (To = 627°C, y = 0.6, k = 0.01) can be defined to encompass similar levels of uncertainty using Xg = % (0,1)
in an attempt to reflect a lack of knowledge about the degree of oxidation (using polished stainless steel as the
nominal €). Due to the Xp definition neither 8 form has an impact on the lower uncertainty bound, since no degree
of oxidation will cause the emissivity to decrease (for the stainless steel from [15]). Parameter values were chosen
for the B terms to bound the more highly oxidized versions of stainless steel at higher temperatures, but not at
lower temperatures where the material is unlikely to reach such oxidation levels. The value and distributional
form of a and Xy, 0.07 and % (—1,1) respectively, were selected such that the uncertainty definition captured
the observed impact of different surface treatments. Note that the selected X, definition allows this non-ATE
uncertainty source to impact both the upper and lower emissivity uncertainty bounds.
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Upper and lower bounds using 3¢, where €(T) from polished stainless steel:
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Fig. 6: Example of uncertainty bounds generated by proposed methodology using both 8 formulations applied to
polished stainless steel. o« =0.07, Xq = % (—1,1), Xg =% (0,1), T =1010°C, Ty = 627°C, y=0.6, and k = 0.01.
For both B¢ and By a common maximum upper bounds max (€) = 1 and minimum lower bound min (¢) = 0.23
when outside of data support were enforced.

Upper and lower bounds using s, where £(7') from polished stainless steel:
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As discussed in [10], “the oxide film is semi-transparent to radiation”, therefore the emissivity is dependent on
the thickness of the oxide film. Many solid oxides, however, exhibit markedly different emissivity behavior [10].
Notably, the emittance actually decreases as a function of temperature for some oxides. If applying uncertainty
bounds to a poorly characterized metal oxide, one may consider a Xg definition that also allows for reduction in
emissivity with raised temperature, e.g Xg = % (—0.5,0.5).
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5 Comparative Analysis

To better illustrate the effect of the proposed framework, Equation (1), a hypothetical example is explored that
might be encountered by thermal analysts. In this example, a metal box representative of an engineered system
is subjected to ATE (fully-engulfing, oxidizing fire environment). The temperature response at a location within
the box is desired over 600 seconds from an initial ambient temperature of 300 K, and a finite element model
of this scenario is created to analyze this problem. In the model, all exterior surfaces of the box are radiatively
coupled with a representative fire temperature of 1000°C and conduction through the box is modeled with the heat
equation. Convection inside and outside is neglected. A grey radiative model is assumed and the emissivity of
the metal box is represented by a specified total, hemispherical emissivity. For completeness, a constant density,
specific heat capacity, and thermal conductivity of 500 kg/m>, 800 J/kg - K, and 20 W /m - K, respectively, is
assumed. The outer dimensions of the box are 1 m with a wall thickness of 10 cm, and the location of interest is
the center of an inner box surface (equivalent on all six surfaces from symmetry).

When analysts are confronted with applications similar to this problem, two common scenarios are typically
encountered. First, total, hemispherical emissivities found in the literature for this metal may only be specified as a
single value measured at room temperature. Furthermore, detailed information on the quality of the surface finish
and the uncertainty in the measurements may also be excluded. Second, the material of interest may have a defined
emissivity evolution with temperature, but the data may be valid for very general surface finish descriptions and
very specific environments. Both of these scenarios are evaluated. The uncertainty in the solution is quantified
using a more traditional multiplicative uncertainty multiplier (€ = Xy t€) as well as the framework proposed
herein.

The first scenario assumes that the emissivity of the metal has a reported value of 0.3, which is similar to
values for stainless steel (Figure 5) at room temperature. The evolution of the emissivity uncertainty bounds with
temperature for these three frameworks is plotted in Figure 7a. For lack of better information, a multiplicative
uncertainty of £20% is assumed for that value (Xpu = % (.8,1.2)). Alternatively, the uncertainty can also be
described by the proposed framework, Equation 1, using either formulation for 8. Given that this scenario is a
fully oxidizing fire environment, it is expected that the emissivity will increase from the nominal value as a result
of sooting and oxidation at elevated temperatures. As identified in Figure 5 for stainless steel, emissivities of
approximately 0.8 can be expected in ATE. Here, Xy, is assumed to be £0.06, which is commensurate with the
multiplicative uncertainty of +20% (Xo = % (—1,1), @ = 0.6). For B, a reference fire temperature (T') of 1000°C
was selected based on the system boundary condition and the emissivity is capped at 0.8. For 35, a y of 0.44, a k of
0.01, and a transition temperature Tp of 600°C are used resulting in an equivalent maximum emissivity of 0.8. The
parameters selected for Bs were chosen to provide uncertainty coverage similar to that of the specified ¢ between
0°C and 1000°C. Note that since emissivity is only expected to increase with temperature in this scenario, Xg is
assumed to vary between 0 and 1, or Xg = % (0, 1).

An iLHS study is performed on this problem where the specified uncertain parameters are sampled within
the defined distributions for each emissivity uncertainty formulation. LHS is a sampling based uncertainty prop-
agation approach to estimating response uncertainty. For the current problem the emissivity related uncertain
parameters are sampled, generating fixed values for those parameters. Each parameter sample results in a single
temperature dependent emissivity definition. All possible functional emissivity definitions that could be explored
in this study fall within the shaded profiles shown in Figure 7a. Each of those functional emissivity definitions is
used in a physics evaluations. From the resulting ensemble of physics evaluations, statistical descriptions of the
response of interest can be calculated. The physics response results for all three emissivity uncertain formulation
are shown in Figure 7b. For the formulations described in Equation (1), both X, and Xg are sampled indepen-
dently. An initial sample size of 5 is chosen and is subsequently doubled until a maximum sample size of 80 is
reached. The upper and lower 95% confidence intervals of the mean estimates for each uncertainty formulation
are plotted in Figure 7b. As shown in the figure, with either B¢ or Bs, the :95% solution space of the final temper-
ature is higher than the traditional multiplicative approach with the added consideration of the surface evolution
in the oxidizing fire environment. This also suggests that the nominal solution without considering these effects
may under-predict the true temperature response in ATE.

The second scenario assumes that the emissivity of the metal is defined for a range of temperatures with a
general surface finish specification. For this scenario, values provided in Figure 5 for stably oxidized stainless
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Fig. 7: First scenario for the hypothetical example. Emissivity uncertainty characterizations used for box exterior
surfaces is shown in (a) and the resulting uncertain system responses for the internal location of interest are
shown in (b). Uncertainty in system responses is estimated by sample based forward propagation the emissivity
uncertainty definitions through the specified model formulation.

steel are used. A multiplicative uncertainty of £10% is assumed for the emissivity at each temperature (Xpyu =
% (.9,1.1)). For the B formulations, the same parameters are used again except o is 0.09 and ¥ is 0.1 as the
anticipated change in surface condition is expected to be smaller for a stably oxidized metal. Note that in this
scenario, lower emissivities are plausible as the sooting may lower the emissivity from the stably oxidized values.
Therefore, Xp is assumed to vary between —1 and 1 in the g formulation (Xg = % (—1,1)). Note that with
Be. this factor is not accounted for and the emissivities will only increase with temperature (Xg = %(0,1)).
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Furthermore, all emissivities are capped at 1 for this example to ensure that unphysical values aren’t achieved in
any sample. Evolution of the emissivity uncertainty bounds with temperature for the two § formulations is plotted
in Figure 8a. The mean response’s upper and lower 95% confidence intervals for each uncertainty formulation
is plotted in Figure 8b using the same methodology described above. In this example, ¢ predicts a higher 95%
solution space for the temperature since it does not account for the possibility of lower emissivities. Furthermore,
many of the samples in the B, formulation exceed an emissivity of 1 at elevated temperatures and are therefore
capped explaining the narrower solution space. Bg differs from the multiplicative uncertainty in that it predicts a
lower bound on the 95% solution space for temperature from the surface evolution effects.

6 Conclusions

Shortcomings on the treatment of emissivity uncertainty over large temperature ranges has been discussed.
Without considerations in surface chemistry from effects like sooting and oxidation, one could incorrectly predict
the temperature response and the associated uncertainty. Traditional approaches (e.g., additive and multiplicative
uncertainty modifiers) pursued by analysts may not have adequately captured these effects. The authors have
proposed alternative formulations to account for these surface effects. This includes a radiation heat transfer
analogously driven form (B;) and a sigmoidal form (fs), both of which are rooted in experimental evidence.
Notwithstanding, there still needs to be fair amount of analyst input due to emissivity variations of different
surface/material evolution effects. As a result, the authors provided a preliminary list of usage caveats when using
these formulations. Impact of the proposed uncertainty characterization has been demonstrated on a relevant
ATE exemplar problem, where it was shown that the assumed uncertainty form perscribed to surface emissivity
significantly impacted the system’s thermal response. Finally, this is a physics-informed modeling approach that
could subsequently be replaced by actual physics-based modeling of phenomena, which is currently missing with
available modeling tools. The proposed uncertainty characterization approach both enhances the current state for
thermal modeling and highlights the general need for greater focus on uncertainty characterizations going into
physics based uncertainty quantification activities.
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