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EXECUTIVE SUMMARY

This milestone report documents work performed in CASL that was broadly focused on the use of
validated high-fidelity simulation codes to inform, improve and calibrate low-fidelity codes to fa-
cilitate multiphysics coupling, design, performance analysis, and risk assessment. This high-to-low
(Hi2Lo) initiative has the following objectives: employ physics encapsulated in high-fidelity codes
to improve the functionality of low-fidelity codes, quantify biases in low-fidelity codes, develop and
calibrate physical models and closure relations so that low-fidelity codes more accurately incorporate
requisite physics, and develop low-fidelity codes that can be effectively coupled to simulate multi-
physics behavior. In combination, these efforts are designed to impact both CIPS and DNB. For
example, the development and experimental design-based Bayesian calibration of dynamic gas con-
ductance models in CTFFuel will provide the capability to better model crud-induced power shifts.
Whereas the present emphasis has focused on the high-fidelity codes STAR-CCM+ and BISON and
low-fidelity codes CTF and CTFFuel, future emphasis will be expanded to include MAMBA.

During the reporting period, Hi2Lo efforts focused on two broad components: demonstration of
the experimental design-based Bayesian calibration framework to calibrate CTF using both STAR-
generated synthetic data and experimental data, and the use of STAR to inform and improve
the turbulence modeling and grid heat transfer modeling capabilities in CTF. A complementary
milestone focused on the implementation and verification of fuel models in CTFFuel, for which we
demonstrated initial calibration results.

Future Hi2Lo work will focus on the use of the experimental design-based Bayesian calibration
framework, demonstrated this year for STAR and CTF, to calibrate parameters in the fuel swelling,
fuel irradiation-induced densification, and fuel relocation models in CTFFuel using both experimen-
tal and BISON-generated data. A second component will focus on the continued use of STAR to

improve grid modeling capabilities in CTF.

CASL-U-2017-1447-000 ii  Consortium for Advanced Simulation of LWRs
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Chapter 1

Introduction

The high-to-low (Hi2Lo) initiative in the Consortium for Advanced Simulation of Light Water Reac-
tors (CASL) broadly focuses on the use of validated high-fidelity simulation codes to inform, improve
and calibrate low-fidelity codes to facilitate multiphysics coupling, design, performance analysis, and
risk assessment. The present emphasis has focused on the high-fidelity codes STAR-CCM+ and BI-
SON and low-fidelity codes COBRA-TF (CTF), CTFFuel, and various associated closure relations.
During the remainder of the program, this emphasis will be expanded to include MAMBA. Current
CASL applications of Hi2Lo primarily use validated high-fidelity codes to simulate data for operating
regimes in which experimental data is not available or prohibitively expensive to collect. However,
the underlying experimental design is equally applicable to experimental data, and we additionally
demonstrate the process using 5 x 5 non-mixing vane (NMV) data to calibrate the turbulent mixing
coefficient 3 in the low-fidelity CTF.
The objectives of the CASL Hi2Lo analyses are multifold.

(i) Employ physics encapsulated in high-fidelity codes to improve the functionality of low-fidelity
codes.

(ii) Quantify and incorporate biases or discrepancies in low-fidelity codes.

(iii) Develop and calibrate physical models and closure relations so that low-fidelity codes more
accurately incorporate requisite physics. We demonstrate initial work focused on the Dittus—
Boelter closure relation in CTF and a gas gap closure relation developed for CTFFuel. FY17
milestones focused significantly on the implementation and demonstration of the framework
and development of appropriate fuel models. The use of the Hi2Lo framework to calibrate
these models constitutes a significant effort for FY18.

(iv) Develop low-fidelity codes that can be effectively coupled to simulate multiphysics behavior.
For example, one objective is to replace BISON by CTFFuel to provide the efficiency required
for full-core simulations.

The Hi2Lo efforts are intended to impact both CIPS and DNB [19]. Due to the prohibitive
computational expense of coupled STAR/MAMBA at the full-core simulation level, single-pin or
simple reduced-rod bundle models, which are computationally feasible, will be used to develop STAR-
informed CTF/MAMBA subchannel models for full-core simulation. Similarly, a major FY17 effort
has focused on the implementation of appropriate fuel models so that coupled MPACT/CTFFuel
can be used to adequately quantify grid spacer effects, gap thickness, and dynamic gap conductance
effects to accurately model crud-induced power shift (CIPS). Similarly, quantification of how spacer
grids act to enhance downstream heat transfer effects constitutes one component of DNB.

During FY17, several milestones — which we denote as Type 1 milestones — contributed directly
to the Hi2Lo program. There were also two Type 2 milestones, which provided physical models,
closure relations and CASL packages required for future Hi2Lo analysis in FY18.
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Type 1 Miletones:

L3:AMA.CP.P14.04 [6] — This collaborative milestone with Westinghouse focused on the use
of STAR to improve the grid modeling capabilities of CTF. As summarized in Chapter 4, this
included initial quantification of STAR uncertainties due to variability in employed turbulence
models and STAR-motived improvements of directed cross-flow relations in CTF.

L3:VVL.H2L.P15.01 [5] — As detailed in Chapter 3, the objective of this milestone was to
demonstrate the implementation of the experimental design-based Hi2Lo framework in Dakota
to calibrate the turbulent mixing coefficient § in CTF using both STAR simulations and
5 X 5 non-mixing vane experimental data. This employed the enhanced Dakota capabilities
developed in L2:VVI.P15.04.

L3:VVIL.H2L.P15.02 [4] — This complemented L3:VVI.H2L.P15.01 and focused on initial un-
certainty quantification (UQ) and validation of STAR using Westinghouse 5 x 5 non-mixing
vane data, and the use of STAR to generate synthetic data to calibrate 5 in CTF.

L3:VVL.DAK.P15.01 — This milestone focused on extending the capabilities of the experi-
mental design framework, central to the Hi2Lo program, to accommodate the inherent cor-
relation between inputs and predictions when calibrating low-fidelity codes and inherently
high-dimensional parameter and prediction spaces [3,15]. Aspects of this milestone also fo-
cused on the development of active subspace techniques required for future coupled code cal-
ibration [10]. This milestone also supported L3:AMA.CP.P14.04, L3:VVIL.H2L.P15.01 and
L3:VVL.H2L.P15.02.

L2:VVI.P15.04 — This milestone supported the implementation of the experimental design
framework and extensions of Bayesian calibration regimes required to autonomously imple-
ment the Hi2Lo framework in Dakota for VERA use. The implementation of this frame-
work for STAR/CTF is demonstrated in Chapter 3 for the milestones L3:VVIL.H2L.P15.01 and
L3:VVIL.H2L.P15.02.

Type 2 Milestones:

L3:PHL.P15.01 [22] — As summarized in Chapter 5, this milestone focused on the implemen-
tation of fuel models and closure relations to extend the capabilities of CTFFuel. We provide
initial calibration results in Section 2.4.2, and the complete calibration of these closure re-

lations, using both experimental and BISON-generated synthetic data, constitutes a major
Hi2Lo effort for FY18.

L2:PHI.P15.04 [18] This milestone summarized the improvements and extensions made during
FY17 to CTF. This included discussion of the Hi2Lo investigation focused on STAR-informed
extensions to CTF. Without modification, CTF cannot quantify complex spatially-dependent
heat transfer behavior, caused by mixing vane grids, due to its low spatial resolution, lack of
advanced turbulence models, and crude representation of the model geometry. The investiga-
tion [19] detailed an approach for developing heat transfer coefficient (HTC) multiplier maps
to reconstruct this grid-generated heat transfer behavior for a single rod. This procedure is
extended in [18] to a more realistic rod-bundle geometry, which requires the development of a
multiplier map for each pin in the 5 x 5 bundle. This objective is similar to that investigated
in L3:AMA.CP.P14.04 in the sense that it focused on the high-fidelity code STAR to inform
and improve the low-fidelity code CTF.

CASL-U-2017-1447-000 2 Consortium for Advanced Simulation of LWRs



Chapter 2

Calibration, Validation, and
Verification Framework for CASL
High- and Low-Fidelity Codes

We depict in Figure 2.1 the hierarchy of high- and low-fidelity CASL codes and surrogate models
and indicate the steps where calibration, validation and verification arise. The experimental design
component, which is central to the Hi2Lo program, lies at the interface between the low-fidelity codes
and high-fidelity codes or experimental data. We summarize aspects of the thermal-hydraulics and
fuels codes to motivate issues that were investigated in FY17 and will be addressed in the FY18
program. Similar issues pertain to the chemistry and neutronics codes.

Statistical Models

Inputs: 6 ~ ~
| dn=dp(En) +En(Ey)
High-Fidelity
Verification | STAR-CCM+, BISON Nn(&p) I Hi2Lo Framework
Inputs: 6 Low-Fidelity
High-Fidelity COBRA-TF, CTFFuel T | dn=d;(68,En) +8(E,) +Nn(Ep)+Sn(E,) +en(Ep)
Navier—Stokes, Fuels Simulation Codes T
Low-Fidelity \ T Aati i i
| Verification Validation \ Design of Experiments
T Fuels or Chemistry ODE Calibration Prediction Intervals
(' ) Physical Models Inputs: 6 or g(6) %3
o(§
n Response Surface ’_\J "1 | observation
. Errors en
Gaussian Process Sn(gp)
Surrogate Models —— ° +
9 1 [0 Physical
+9 o+ o Experiments
+ 4 +
+ [+ Ao
Validation
Regime
xq + Calibration Experiment

O Validation Experiment

Figure 2.1. Hierarchy of CASL simulation codes, surrogate models, and calibration, validation, and
verification framework.
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2.1 CASL Codes

2.1.1 Thermal-Hydraulics Codes

In principle, computational fluid dynamics (CFD) codes such as STAR-CCM+, provide the capa-
bility to highly resolve fluid physics using techniques such as Reynolds averaging, large eddy sim-
ulations, various turbulence models, and even direct numerical simulations. However, the meshes
required to resolve the physics precludes their use for full-core simulations or multiphysics packages
such as TTAMAT. Furthermore, the use of CFD codes for two-phase flow modeling constitutes an
active research area.

These limitations are addressed through the use of the subchannel code CTF. Whereas the
STAR simulations for the geometry discussed in Chapter 3 require approximately 1000 core hours,
the CTF simulations take approximately 5 minutes on a single processor (0.08 core hours). The
ramification of this coarse meshing is the loss of fine-scale physics, which affects turbulent flow
behavior, rod temperature profile and heat transfer, fluid mixing, and boundary layer behavior
caused by features such as spacer grids. For example, the “wiping out” of spacer grid effects can
yield average temperatures that are below local saturation temperatures thus affecting the predicted
amount of crud deposited on rods. This demonstrates the necessity of quantifying spacer grid effects
when analyzing crud-induced power shift (CIPS).

To address these limitations, several CASL initiatives have focused on the development of closure
relations and model improvements in CTF to incorporate downstream grid effects [6,18,19]. One
objective of the Hi2Lo program is to use STAR — augmented by experimental data when available
— to improve the grid modeling capabilities of CTF and calibrate developed closure relations. The
advantage of using a validated code, such as STAR, is that one can generate significant quantities
of synthetic data for configurations where experimental data is unavailable.

As noted in the Introduction and detailed in Chapter 4, the AMA milestone L3:AMA.CP.P14.04
focused on initial quantification of uncertainties due to variability in employed turbulence models
and STAR-motivated improvement of directed cross-flow relations in CTF. In combination, the mile-
stones L3:VVL.H2L.P15.01 and L3:VVIL.H2L.P15.02 demonstrated the implementation via Dakota
of the experimental design-based Hi2Lo framework, summarized in Section 2.5, for using STAR to
calibrate the turbulent mixing coefficient 8 in CTF.

FY18 milestones will focus on the use of STAR to create multipliers that can be applied to mixing
coefficients in CTF to account for spacer grid enhanced turbulent mixing within subchannels. They
will also focus the use of STAR to calibrate coefficients in the developed closure relations.

To employ STAR to calibrate CTF closure relations, it is necessary to ensure that the physics
and design configurations are compatible. This includes the computed densities, specific heats and
temperatures. Compatibility can entail both the solvers used in the two codes — equations of state or
single versus two phase flows — and integrated versus nonintegrated temperatures. This is detailed
in Section 3.2.3.

2.1.2 Fuels Codes

BISON is a finite-element nuclear performance code that can simulate temperature and burnup-
dependent thermal properties, thermal and irradiation creep, fission product swelling, and fission
gas production and release. However, its broad applicability renders it too computationally complex
for full-core simulations when coupled in multiphysics packages such as TTAMAT. Moreover, BISON
does not have the full physics required to quantify gaps between cladding and fuel.

As an alternative, significant effort has focused on the implementation of new fuel deformation
models in the finite-difference package CTFFuel to make it viable for CASL multiphysics modeling.
As detailed in [22] and Chapter 5, modeling implemented as part of the milestone L3:PHI.P15.01
included fuel swelling, fuel irradiation-induced densification, and fuel relocation.

CASL-U-2017-1447-000 4 Consortium for Advanced Simulation of LWRs
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To motivate aspects of the models developed in [22], we note that there are two options in CTF
for computing the gas gap conductance: user-specified gas gap conductance in the radial and axial
directions and a dynamic gas gap conductance model. In the dynamic gap conductance option, the
gap conductance is given by

hgap = hgas + hrad + hcontact; (21)

where the gas conductivity in the gap hyqs, conductance to radiation h,.q, and solid-solid contact
conductance heontact, Which incorporates potential physical contact between the fuel pellet and
cladding, are given by

h _ kgas _ kgas
g Dmp + (gl + 92) Atgap

(T} = TH/(Ty - T)

hra =
1T osm ()% (2:2)
Ef £e A.

H

Here 05p denotes the Stefan-Boltzmann constant, Ty, T, are the fuel surface and clad inside temper-
atures, A¢, A, are corresponding areas, ¢ is the surface emissivity, C' is an empirical correlation, and
P;pt is the interfacial pressure. Furthermore, H denotes the Meyer hardness, k is the thermal con-
ductivity, D,,, denotes the mean width between the fuel and cladding, (g1 + g2) is the temperature
jump distance, and Atg,;, denotes the gap thickness. In the last relation, F(L;, R;) is a function of
the peak-to-peak asperity separation L; and the surface roughness R;. We note that Aty,, depends
on closure relations for (g; + g2) and hence must be calibrated for considered operating regimes.

The gap thickness was originally computed in CTF by accounting for the fuel pellet/clad thermal
expansions and cladding elastic deformations. However, there are additional fuel and cladding defor-
mation physics that must be incorporated. The computation of the gap conductance is complicated
by the difficulty of measuring the gap thickness and conductance through the reactor’s life; note
that the gap thickness is ~ 100 microns at the beginning of the reactor’s life and approaches zero
when the gap is closed.

We illustrate in Section 2.4.2 initial calibration of the static gas gap conductance model using
BISON-generated data. We summarize in Chapter 5 the fuel swelling, fuel irradiation-induced
densification, and fuel relocation models developed in [22] to incorporate dynamic behavior and
missing physics. We also summarize how the Hi2Lo framework will be employed to calibrate model
parameters in F'Y18 milestones.

Pt \"
hcontact = CkmF(Lzsz) ( - t) .

2.2 Statistical Models for High- and Low-Fidelity Codes

The high-fidelity codes STAR and BISON and low-fidelity codes CTF and CTFFuel quantify the
physics associated with thermal-hydraulics and fuels. To provide a rigorous framework for calibration
and experimental design, it is necessary to additionally formulate statistical models that quantify
the observation process associated with high and low-fidelity models. The relation of these statistical
models to the physical simulation codes and experimental data is depicted in Figure 2.1.

We let dy(0,&,) denote the low-fidelity model, which could be CTF, closure relations in CTFFuel,
or closure relations in other CASL codes. Here 6 = [61,...,0,] denotes parameters that we seek to
calibrate using either synthetic data constructed using a high-fidelity code or experimental data. In
Chapter 3, we demonstrate the calibration of the turbulence mixing coefficient § = 8 in CTF whereas
in Section 2.4.2, 6 are parameters in a gap conductance closure relation. We let &, denote design
or configuration conditions. For the examples in Chapter 3, these include the exit pressure, inlet
temperature, inlet mass flow rate, and average linear heat rate per rod. Low-fidelity observations
d, are then given by the statistical model

dn = dg(0,&n) + 6(6n) + Nu(&n) + Sn(én) +€nlén), (2.3)

CASL-U-2017-1447-000 5 Consortium for Advanced Simulation of LWRs
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where we denote potential additive discrepancy or biases in the low-fidelity model by 4(&,) and
random observation or discretization errors by &,(&,). Potential numerical errors resulting from the
discretization of governing ordinary differential equations (ODE) or partial differential equations
(PDE) are denoted by N, (&,) whereas surrogate model errors are given by Sy, (&).

For a given design &,, the n'* observation cZn, generated by the high-fidelity model dj(&,), is
given by ~
Here £,(&,,) denotes additive observation uncertainties or errors. Whereas one often assumes that
these uncertainties are independent and identically distributed (iid) and normally distributed with
variance 62, that is &,(&,) i N(0,5?), this will likely not be the case for STAR and, in some cases,
one may have only bounds for errors.

2.3 Validation and Verification Frameworks

The discretization of governing PDE, ODE and algebraic closure relations yields numerical errors,
which we denoted in Figure 2.1 by N,,(&,,). These errors are mesh-dependent and may vary in codes,
such as STAR, when different meshes are employed among various groups. We do not focus directly
in the Hi2Lo program on the verification step of quantifying these errors but note that they can
affect calibration and uncertainty analysis. Hence, when available, we do incorporate them into the
statistical models (2.3) and (2.4).

Similarly, the use of surrogate models introduces errors, which we denote by S,,(&,) in Figure 2.1
and (2.3). As we demonstrate in Chapter 3, verification constitutes a fundamental step when
constructing surrogate models for use in Hi2Lo-based model calibration.

Full-scale validation of high- and low-fidelity codes generally lies beyond the scope of CASL. For
Hi2Lo and uncertainty analysis, however, one needs to ascertain potential model discrepancies or
biases §(&,,). Furthermore, the validity of employing high-fidelity codes to generate synthetic data
for subsequent calibration is predicated on the assumption that they are employed in regimes where
they have been validated. Hence as part of the Hi2Lo demonstration in Chapter 3, we include initial
validation results for STAR in the regime used to calibrate 8 in CTF. We emphasize that some form
of validation is necessary when employing high-fidelity codes to generate data for low-fidelity model
improvement or calibration.

2.4 Calibration Framework

A primary function of the Hi2Lo framework is to calibrate parameters 6 = [61,...,0,] in the statis-
tical model (2.3) for low-fidelity models and closure relations. One can obtain point estimates by
employing optimization routines in Dakota. However, these estimates do not quantify parameter
uncertainties due to observation errors €,(&,), model biases §(&,) or numerical errors N, (&,) and
Sn(&n). To incorporate these uncertainties, we employ a Bayesian framework in the manner detailed
in [1,20].

The basis for this framework is Bayes relation

m(0]dy) = m(dn|0)p(0) : (2.5)

pr W(‘Zn 10)p(0)do

where p(#) denotes the prior distribution, 7(d,|6) is the likelihood which combines information
provided by the model and data, and 77(0|cfn) denotes the posterior distribution. Here d,, denotes
either synthetic data from a validated high-fidelity code, with the associated statistical model (2.4),
or experimental data. To illustrate a common choice for the likelihood, we consider the simplified
statistical model

dy = dg(0,6,) +en(€n) s n=1,....N (2.6)

CASL-U-2017-1447-000 6 Consortium for Advanced Simulation of LWRs
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for the low-fidelity model dy(,&,); e.g., compare to (2.3) with the assumption of negligible model
discrepancies §(&,) and numerical errors N, (&), Sn(&,). If the observations errors £,(&,) are as-
sumed to be independent and identically distributed (iid) and normally distributed with variance

o2; ie., en(&n) “ N(0,02), the likelihood is

7 19) — 1 — N [dn—de(8,6)]° /202
w(dnlf) = oy Ena[dn—de(@.£0)] /207, (2.7)

We note that the assumption €, (&,) YN (0,02) is often violated, which can require the consid-
eration of more general likelihood relations. Moreover, when employing either synthetic high-fidelity
data, or experimental data, it is necessary to quantify the observation errors &,(&,,) in (2.4) in some
manner.

When possible, we directly calibrate and perform uncertainty quantification (UQ) for the low-
fidelity CASL code of interest. For some cases, however, it is first necessary to construct and verify
a surrogate model for the code in the manner detailed in Chapter 4 of [1]. We re-address the use
of surrogate models in Section 2.5 when we discuss mutual information-based experimental design.
Finally, we note that highly efficient Bayesian inference on active parameter subspaces for CASL
applications is detailed in [10].

We next illustrate this calibration framework for the Dittus—Boelter closure relation in CTF and
a gap conductance closure relation.

2.4.1 Calibration of the Dittus—Boelter Relation and Uncertainty Prop-
agation through CTF

To demonstrate the Bayesian calibration framework in Dakota and the role of inverse and forward
uncertainty quantification techniques, we considered the Dittus—Boelter closure relation

Nu = 0, Re’ Pr¥ (2.8)

employed in CTF. Here Nu, Re and Pr respectively denote the Nusselt, Reynolds, and Prandtl
numbers and 6 = [0y, 02, 05] are model parameters. For single-phase flows in round, smooth, pipes,
these parameters have the nominal values 6; = 0.023,60>; = 0.8 and 03 = 0.4. For two-phase flows
and more general operating regimes, however, there are no established values for the parameters so
we employ Bayesian inference, summarized in Section 2.4, to infer distributions and associated mean
values using experimental data.

For the Dittus—Boelter model (2.8), a common industry standard is to ensure that parameters
are positive and bounded by twice the nominal values. Hence we employ a uniform prior distribution
on the intervals

61 €0,0.046] , 62 € [0,1.6] , 03 € [0,0.8]. (2.9)

Using this prior distribution and experimental data from [16], we employed a Delayed Rejection
Adaptive Metropolis (DRAM) algorithm [7] to infer the marginal posterior densities plotted in
Figure 2.2 and pairwise distributions plotted in Figure 2.3. From the former, we note that 2¢ is
approximately 0.0035,0.06 and 0.03 for the three parameters. Hence we have significantly reduced
the uncertainty as compared with the conservative bounds in (2.9). Furthermore, Figure 2.3 demon-
strates that we are additionally quantifying the correlation inherent to the three parameters, which
is not accommodated by a uniform distribution on the region [0,0.046] x [0,1.6] x [0, 0.8].

We then propagated samples from the uniform prior distribution on [0, 0.046] [0, 1.6]x [0, 0.8], the
marginal posterior distributions plotted in Figure 2.2, and the joint posterior distribution incorpo-
rating the correlation shown in Figure 2.3 through CTF to compute the maximum fuel temperature
distributions plotted in Figure 2.4. The first two cases exhibit variability on the order of 40° whereas
use of the joint distribution reduces this variability to approximately 10°. This demonstrates the
manner in which Bayesian model calibration followed by uncertainty propagation can significantly
reduce uncertainties in CASL quantities of interest (Qol).

CASL-U-2017-1447-000 7 Consortium for Advanced Simulation of LWRs
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Figure 2.2. Marginal densities for 61, 6> and 05.
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Figure 2.3. Pairwise distributions for 6;, 02 and 03.
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Figure 2.4. Uncertainty in maximum fuel temperature.

CASL-U-2017-1447-000 8 Consortium for Advanced Simulation of LWRs



SHIANS

High-to-Low Activities across VVI, AMA and PHI

2.4.2 Calibration of a Gap Conductance Closure Relation

As afirst step toward the development of closure relations for CTFFuel in L3:PHI.P15.01, the authors
of [22] developed and calibrated an initial closure relation for the gas gap thickness Atyq), in (2.2).
BISON simulations were run for a single pellet of a standard pressurized water reactor (PWR)
uranium dioxide (UO2) fuel for a power rate of 18.383 kW/m. The gap conductance through
depletion is plotted in Figure 2.5. Figure 2.6 demonstrates the BISON simulations for linear rates
ranging from 1.0 to 40.0 kW/m and clad outside temperatures from 475 to 625 K.

These high-fidelity simulations were then used to infer distributions for the parameters 6 =
[01,...,06] in the gas gap thickness relation

A
Sloor _ 01T, + [024" + 03q"* + 64q' + 05] + 0 Bu, (2.10)

t.‘] ap

using the Bayesian model calibration framework summarized in Section 2.4. Here T,; denotes
the cladding inside temperature (K), ¢’ is the linear power rate (W/m), and Bu is the burnup
(MWd/MTU).

1 I I 1 I I L I I y
0 10 20 30 40 50 60 70 80 920 100
Rod Avg. Burnup (MWD/GTU)

Figure 2.5. BISON simulation results for a standard PWR single pellet UOy for a power rate of
18.383 kW /m.
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Figure 2.6. BISON simulated data for (a) gas gap conductance and (b) relative change in gap width.
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The mean parameter values provided by DRAM [7] are compared with the point estimates
obtained through optimization in Table 2.1 and the pairwise posterior parameter distributions are
plotted in Figure 2.7. Whereas the mean parameter values closely correspond to the optimal values,
Bayesian inference additionally quantifies inherent correlation between parameters such as that
observed between (03,03) and (62, 64).

The relation (2.10) might not provide accurate predictions of transient thermal-mechanical be-
havior of the fuel rod and does not account for transient dynamics. Hence it does not have the
capability to model transient changes in the gap thickness and conductance as required for CASL
challenge problems. As detailed in [22], CTFFuel quantifies these dynamic effects. Hence a sig-
nificant component of the FY18 program will focus the use of the Hi2Lo framework to calibrate
parameters in CTFFuel closure relations.

Initial Values | Optimal Values | Mean Values
6 | —359x107% | —4.31x107* | —3.23x 107*
By | —3.58 x 10~ 3.80 x 10714 4.16 x 10714

O | —2.52x 1079 | —2.63x 1072 | —2.88 x 10~?
0y | 2.77x107° 2.64 x 107° 3.16 x 1075
05 0.82 1.18 1.09
O 1.00 —0.01 —-0.01

Table 2.1. Initial, optimized and mean parameter values obtained using DRAM.

%107

Figure 2.7. Pairwise distributions for 61, ..., 0.
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2.5 Mutual Information-Based Experimental Design

As noted previously, the computational cost of STAR and BISON simulations to generate data
precludes comprehensive coverage of the complete design space. Furthermore, their computational
complexity prohibits their use in coupled multi-physics packages, such as TIAMAT, for performing
full-core simulations. Here we summarize the use of mutual information-based experimental design
[2,11,12,21] to specify where in the design space to run high-fidelity codes — e.g., STAR or BISON
— to optimally inform parameters in the low-fidelity code — e.g., 8 in CTF.

Given a set of observations D,,_; = {d, Jg, - d~n_1} of the high-fidelity code, we seek a design
or evaluation strategy &, € = so that uncertainty in low-fidelity model parameters 6 € RP is reduced
when the model is re-calibrated using the new high-fidelity data point d,. Here = designates the set
of possible evaluation strategies or experimental conditions.

The change in knowledge about the model parameters, due to the addition of new synthetic or
experimental data d,,, is given by Bayes’ rule

p(Dul0)p(8) _ p(dy, Dy—110)p(6)
p(Dn) p((fn, Dn—l)

p(0|Dn) =

for the new data set D,, = {cin, D, _1}. The goal in experimental design is to optimize the information
provided by an experiment or high-fidelity observation d,, based on the design &,. Because our
objective is to determine the distribution of the model parameters ¢ from the calibration of our
low-fidelity model with data d,, using as few experiments as possible, the strategy upon which
we base our design decision should be chosen according to the amount of information provided by
the proposed data as a result of measuring under design conditions &,. Since d,, has not yet been
observed when we make a decision regarding the choice of &,,, we employ predictions d,, provided by
the statistical model (2.3) to determine &,.
As detailed in [11], the optimal design £ maximizes the mutual information

p(eadn‘anlyfn)
1(0;dp| Dy1, &n :// 0,d,|Dy_1,6) 1o ddd,,: 2.11
( | ! g ) D Qp( | ! 6 ) gp(9|Dn—1)p(dn‘Dn—17§n) ( )
that is,
&= arggna;( 1(0;d,|Dp—1,&n)- (2.12)
n€Z

The high-fidelity code is then evaluated using the design condition & and the data d,, resulting from
statistical model (2.4) is used to recalibrate the model parameters 6.

The use of kNN (k!"-Nearest Neighbor) techniques to approximate the integrals in (2.11) is
detailed in [9,11] and the design implementation is summarized in Algorithm 1. The extension
of the algorithm to accommodate inherent correlation between low-fidelity model parameters and
predictions and high dimensional parameter and prediction spaces was addressed in the milestone
L3:VVIL.DAK.P15.01 and is detailed in the report [15]. The implementation of the framework to
calibrate # in CTF, using both STAR simulations and experimental 5 X 5 non-mixing vane data
was addressed in L3:VVI.H2L.P15.01 and L3:VVI.H2L.P15.02 and is illustrated in Chapter 3. This
includes the construction of a highly efficient surrogate model for CTF to facilitate both mutual
information-based experimental design and Bayesian inference. The extensions to Dakota to facili-
tate autonomous implementation of the framework are detailed in L2:VVI.P15.04.

CASL-U-2017-1447-000 11 Consortium for Advanced Simulation of LWRs
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Algorithm 1 Design Implementation

1) Define N, the number of samples to be used in the kNN algorithm.

(1)
(2) Initialize a list of pre-existing high-fidelity data, D, = [(£1,d1), (€2,d2), ..., (&, d,)].

(3) Define the list of possible design conditions, Z = [&,41, &ty oy Es)-

(4) If r > 1, run the Dakota-QUESO DRAM algorithm to construct a chain {#°}Y ; of size p x N
from the prior distribution p(0|D,.), where p is the number of parameters. If r = 0; that is,
there are no pre-existing data, construct a chain of size p x N by sampling a proper prior p(6)
of choice.

(5) Send the chain {#'} and corresponding synthetic data simulated from (2.3) to the kNN algo-
rithm.

(6) The ENN algorithm returns a single design condition &, € =. Append this value and the
corresponding high-fidelity prediction d,, from (2.4) evaluated at &, to the previous data list
to obtain

Dr—i—l = [(5170?1)7 (527622)7 sy (gradr)a (gnvdn)] .

(7) Set r = r 41 and repeat steps 3-6 until all designs are used or a user-specified error tolerance
is met.

CASL-U-2017-1447-000 12 Consortium for Advanced Simulation of LWRs



Chapter 3

Demonstration of Hi2L.o
Framework for STAR/CTF

A primary function of the Hi2Lo framework is to employ synthetic data generated using validated
high-fidelity codes to calibrate closure relations or tuning parameters in low-fidelity codes in regimes
for which experimental data is unavailable. The framework employs the mutual information-based
experimental design framework, summarized in Section 2.5, to determine where in the design space
to evaluate high-fidelity codes to gain the most information when calibrating parameters. We note
that while the program focuses primarily on synthetic data generated using high-fidelity codes, the
framework is equally applicable to experimental data.

In this chapter, we summarize the results of the milestones L3:VVI.H2L.P15.01 and L3:VVI.H2L.
P15.02, which demonstrated the Hi2Lo framework to calibrate the turbulent mixing parameter
using both STAR-generated data and experimental data from Westinghouse. Since CTF does not
have a turbulence model, £ is tuned to accommodate, to the degree possible, turbulence effects
incorporated in STAR and observed in experimental data. The statistical and VVUQ components
of the Hi2Lo framework were implemented using Dakota version 6.6, as documented in the report
for the milestone L2:VVI.P15.03.

We summarize the initialization, calibration and design steps from Algorithm 1 in Figure 3.1
and provide the milestone tasks and workflow in Figure 3.2. We summarize primary steps in this
chapter and note that details regarding the complete process are provided in [4,5].

Initialization Bayesian update
* Initialize Lo and Hi models * Run Hi(§") and update data vector
+ Create initial data set » Perform new Bayesian calibration
» User-provided or LHS
+ Possible designs {5} l
* User-provided or LHS Evaluate stopping criterion

* Initial Bayesian calibration

* Relative change in mutual

l, information sufficiently small
Desi - »  Number of possible candidates
esign Selection
equals 0
*  Sample posterior T * Maximum number of function
For each design ¢, : - evaluations reached
+ Compute Ml for &, l
* Find ¢* that maximizes
mutual info — If not satisfied |

Figure 3.1. Initialization, calibration, and design steps in the mutual information-based experimental
design framework.
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Initial Steps

Compare STAR and CTF to ensure simulations are substantially similar
*  Ensure mass, momentum, and energy are conserved and comparable between simulations

Evaluate cross flow magnitude in STAR and CTF

STAR Steps
Quantitative Validation (21 data points)
y

CTF Steps

Determine experimental domain and separate
experimental data into validation and calibration

IAPWS IF97 tables in CTF to generate fluid
property polynomials for STAR

' Run Uncertainty Quantification on 1
Experimental Test

* (2) Temperature profiles

+  (2) Heat flux profiles

+ (2) Turbulence models

* 6 Total UQ STAR Runs j

Quantitative Validation (use 10 of 21 data points)

Construct Surrogate
* Test surrogate with CTF
* Deterministic Calibration (during STAR runs)

Run Experimental Design plus
Uncertainty Quantification |

Bayesian Calibration with Surrogate (use 1 of 21

data points) Automate Process

Quantitative Validation (use 10 of 21 data points)

Checkpoint: Evaluate Next Steps

Experimental Design and Bayesian Calibration
with surrogate (use 1 data points and some
number of new points)

Quantitative Validation (use 10 of 21 data points)

Automate Process

Figure 3.2. Milestones and workflow for the Hi2Lo framework.

3.1 WEC Experimental Data

Throughout this analysis, we employed data from Westinghouse (WEC) NMV grid, single bundle
experiments. The axial geometry and location of grid spacers are depicted in Figure 3.3(a). Fig-
ure 3.3(b) displays a cross-section of the rod bundle used during the experiments. The bundle is
comprised of 5 NMV grids in the heated length with 36 subchannels and 25 rods in a 5 x 5 array.
The 6 rods highlighted in red in Figure 3.3(b) are the hot rods. All of the rods are electrically
heated, but the hot rods have a higher power than the other rods.

Data from 23 experiments was provided by WEC with 2 omitted from the Hi2Lo analysis to
ensure that test cases remain single phase. Based on input from Westinghouse, a repeatability error
of +6°F (3.333°C) was considered for the experimental data in addition to an uncertain amount
of experimental error. Finally, we note that the Westinghouse test data are proprietary and were
provided for CASL use under the proper Nondisclosure Agreement (NDA).

We employed all 21 tests when validating STAR. For CTF, 10 of the experiments were used for
validation and 11 for calibration.

CASL-U-2017-1447-000 14 Consortium for Advanced Simulation of LWRs



'g —/\SI_ High-to-Low Activities across VVI, AMA and PHI

r— Measurement Location
End of Heated — 1 @2 @3 @4 @5 C}
Length ===+ Thermocouple ] ] o s
- OOOOO
GRID 13 14 ;. 15 | 16 . 17 18
401010:050lIE)
GRID 19 5 20 0. 21 22 G023 | 24
OO
GRID 25T 26 T 27 28 T 29 T so| | Rod
Pitch
= GRID v NI 33 34 35 —-Outer
Beginning of T Gap
Heated Length W
GRID LT .
Rod ¢  * Denotes higher power
No. %, <~ rods (“hot rods”g

S

(a) (b)

Figure 3.3. (a) Axial view of experimental geometry and (b) cross-section of WEC NMV experiments.

3.2 STAR Validation and Calculations

As detailed in [4], there were four primary tasks pertaining to STAR: (i) validation, (ii) uncer-
tainty and sensitivity analysis and initial determination of the observation errors £(¢,) depicted in
Figure 2.1 and included in the high-fidelity model (2.4), (iii) use of CTF to generate functions to
define STAR fluid properties, and (iv) computation of synthetic data to calibrate 8 in CTF. STAR
simulations were run on Falcon at Idaho National Laboratory (INL) and each simulation required
approximately 1000 core hours.

3.2.1 STAR Validation

As a first validation step, it was determined that STAR is correctly conserving mass, momentum and
energy. While this seems apparent, it verifies that the code is correctly configured for the considered
simulation regimes.

As a quantitative validation step, both STAR and CTF simulated temperatures were compared
to the WEC data summarized in the last section. Qualitative comparison of the predicted STAR
simulations and experimental data are provided in Figure 3.4 whereas quantitative comparisons,
based on Ly norms are provided in [4].

In this analysis, it was observed that the channel center temperature measurements have a lower
Lo norm value than the channel average temperatures, which was anticipated since the channel
center temperatures — collected by probes at the center of the channels — more closely approximate
the experimental data locations. This is relevant when using STAR to generate synthetic data to
calibrate CTF. Moreover, the STAR simulations are symmetric whereas asymmetries are noted in
the experimental data. As discussed in Section 3.3.3, this is important when explaining differences
between S calibrated using STAR versus experimental data.

CASL-U-2017-1447-000 15 Consortium for Advanced Simulation of LWRs
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Experiment and STAR-CCM+ Temperatures, all Validation Cases.
STAR-CCM+: Channel Center Temperature
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Figure 3.4. Experimental and STAR center temperatures.

3.2.2 Uncertainty and Sensitivity Analysis

As an initial step to quantify the observation errors £(§,) and construct a high-fidelity statistical
model (2.4) for STAR, uncertainty and sensitivity analysis (SA) was performed on STAR using the
experimental conditions of Case 1 as inputs. For this analysis, the standard k —w and realizable k —&
turbulence models were considered in addition to two mass flow rate profiles and two total power
distribution profiles. The resulting temperatures at the 36 subchannels for each of these 6 cases are
plotted in Figure 3.5. Among the six considered parameter perturbations, the change from the k —w
turbulence model to the k — ¢ model had the largest impact on the subchannel temperature. This
should be considered an initial UQ/SA test leading to more detailed future investigations.

As a second step to quantify £(&,) and construct an appropriate statistical model, we employed
the experimental uncertainties of £3.333°C, reported by Westinghouse, to construct appropriate
covariance matrices for STAR simulations. Details are provided in [5].

3.2.3 Generating Polynomials for STAR Inlet Fluid Conditions

To ensure that STAR and CTF are operating at the same fluid conditions throughout this process,
CTF fluid properties were used to generate functions to define STAR fluid properties. STAR uses
polynomial functions that are fit to fluid property data. To establish that CTF and STAR use the
same fluid properties, polynomials were generated from CTF fluid property outputs. The properties
needed to fully define the fluid in STAR include density, specific heat, thermal conductivity, and
dynamic viscosity. Fluid properties were evaluated over a pressure range of 158 bar to 167 bar,
representing 1% less than the minimum exit pressure and 1% more than the maximum inlet pres-
sure respectively to ensure there is no extrapolation outside of the observed range. The resulting
polynomials are reported in [5].
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STAR-CCM+ Temperatures, Case 1 UQ
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Figure 3.5. Perturbation results demonstrating that changing turbulence models most significantly
affected temperatures.

3.2.4 Generation of Synthetic Data to Calibrate § in CTF

The experimental design in Dakota uses a list of candidate evaluation points, the Latin hypercube
sample (LHS) design used in Bayesian calibration of CTF, and a calibration data file. The ex-
perimental design process was performed twice. The first experimental design used experimental
conditions/results — only one test was used in the original calibration — as design points/ high-fidelity
results. The second experimental design used STAR simulation conditions/results corresponding to
the experimental evaluation points. The results of the two experimental design studies were com-
pared once the entire experimental design procedure was complete.

This information was passed to Dakota using a manual process. The capability to perform the
process inline with Dakota is possible with Dakota 6.6; however, we were not able to run CTF
and STAR on the same computing resources. Once the high-fidelity simulation completes, results
are passed back to Dakota. Additional configuration variables and their corresponding temperature
results are supplied to Dakota as experimental design points.

3.3 Calibration and Validation of CTF

Here we summarize the steps required to implement the Hi2Lo framework to calibrate g in CTF using
both STAR-generated synthetic data and experimental WEC data. In the notation of Chapter 2,
the calibration parameter is # = 3. The design or configuration variables £, are the exit pressure,
inlet temperature, inlet mass flow rate, and average linear heat rate per rod. The quantity of interest
(Qol) throughout this analysis is the subchannel average outlet temperature.

Some key assumptions, which are made with the CTF analysis, are that the results are at
steady-state and that no additional cross-flow effect modeling is needed. CTF is also a two-phase,
compressible code; however, since the flow parameters configure the STAR and CTF simulations in
the single-phase regime, it can be assumed that CTF behaves similarly to the single-phase, poly-
nomial density STAR model. The NMV CTF model input deck uses symmetric input parameters,
which results in symmetric flow.

In subsequent subsections, we detail the CTF Steps in Figure 3.1.
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3.3.1 Initial Quantitative Validation of CTF

To ascertain improvements to CTF predictions that we anticipate when calibrating 5, we performed
initial validation using 8 = 0, which models the case of no mixing between subchannels in the bundle.
The resulting CTF predictions are compared with the experimental data in Figure 3.6. Quantitative
results in [5] indicate that statistically, the CTF outlet temperatures differ from experimental outlet
temperatures by approximately 1.44%. This indicates that calibration of 8 can yield small but not
profound improvements.

Validation with Uncalibrated Beta
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Figure 3.6. Validation results comparing CTF outlet temperatures computed with f = 0 and
experimental outlet temperatures.

3.3.2 Surrogate Model Construction

For the considered geometry and conditions, CTF required approximately 5 minutes to run. Whereas
significantly less than the hour required for a STAR simulation, it is still prohibitive for Bayesian
inference and experimental design, which can require 10* model evaluations. To address this, we
constructed and verified a surrogate model that ran in seconds.

The construction of the surrogate is summarized in the following four steps:

(i) Generate a Latin Hypercube Sampling (LHS) design to use for surrogate training and run the
low-fidelity code (CTF in this study) on this design.

(ii) Generate a LHS design to use for surrogate testing — validate and run the low-fidelity code
(CTF this study) on this design.

(iii) Construct the surrogate using the training design.
(iv) Evaluate the surrogate on the test design.

Details regarding the surrogate verification are provided in [5].
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3.3.3 Surrogate-Based Bayesian Calibration and CTF Validation

To calibrate one parameter, at least one calibration step must be performed before the experimental
design. Furthermore, the use of more experimental data in this initial step yields more informative
prior distributions p(#) for Bayesian inference. To quantify how the addition of experimental data
affected this prior, we performed Bayesian inference using 1, 2, 3 and all 11 calibration experiments.
The kernel density estimates (KDE) in Figure 3.7 demonstrate the decrease in uncertainty for 5 that
occurs as data is added. To fully demonstrate the experimental design framework, we employed 1
experiment to initially calibrate £, which yielded a mean value of 0.003197. Subsequent validation
demonstrates reduction in the Lo error from 1.44% to 1.36% thus demonstrating a slight improvement
in performance.
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Figure 3.7. Kernel density estimates (KDE) of the distributions for 8 obtained using 1, 2, 3 and all
11 calibration experiments.

3.3.4 Surrogate-Based Experimental Design and Bayesian Calibration

To initiate the experimental design step summarized in Algorithm’'1, we provided Dakota with a list
of candidate designs, the LHS design used in Bayesian calibration, and a calibration data file. The
process was performed once with STAR-generated outlet temperatures and once with experimental
data. Since STAR runs are expensive, the passing of information between Dakota and STAR was
performed offline as a manual process. The functionality to perform this analysis inline, allowing
Dakota to drive the high-fidelity simulation runs, is currently in Dakota 6.6 and could be implemented
for problems with less intensive high-fidelity codes.

The mutual information (MI) for 20 iterations of the experimental design process with STAR-
generated data is plotted in Figure 3.8. While not strictly monotonic, the mutual information
generally decreases, as expected. Kernel density estimates of the corresponding distributions for £
are plotted in Figure 3.9. It is observed that the initial prior distribution is the most uncertain
and the uncertainty decreases as more STAR-generated data is employed. The mean and median
values at iteration 20 are 0.002881.
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We repeated this analysis with experimental WEC data and obtained the mutual information
and ( distributions plotted in Figures 3.10 and 3.11. We note that the distributions converge more
quickly to a mean value of 0.004025, which is closer to the WEC proposed nominal value of 0.006,
but differs from the mean value 0.002881 computed using STAR-generated data.

The difference between the calibration results using STAR and experimental data highlights
the necessity of employing validated high-fidelity codes that represent exactly the same physics as
experiment. Analysis in [5] isolates a few mechanisms that can produce discrepancies between the
high-fidelity code and experiments, which subsequently yields differences in calibrated parameter
values and distributions.

It was first noted that small changes in outlet temperatures can produce changes in 5. The
nature of the available experimental data makes it difficult to separate the effects due to the physics
in the experiment and the effects of geometry and thermocouple mis-calibration.
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Figure 3.8. Mutual information at each iteration during the STAR experimental design process.
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Figure 3.9. Kernel density estimates (KDE) of the distributions for 3 obtained using 20 iterations
of the experimental design framework with STAR data.

CASL-U-2017-1447-000 20 Consortium for Advanced Simulation of LWRs



E@Z _/\SI_ High-to-Low Activities across VVI, AMA and PHI

8.00E-01

7.00E-01
6.00E-01 o~ ©°, 0

5.00E-01 ° o

4,00E-01 o _ 9,

3.00E-01 oo ©

Mutual Information

2.00E-01
1.00E-01

0.00E+00

0 5 10 15 20
Number of Tterations

Figure 3.10. Mutual information at each iteration during the experimental design process using
experimental data.
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Figure 3.11. Kernel density estimates (KDE) of the distributions for § obtained using 20 iterations
of the experimental design framework with experimental data.

Symmetry is a factor leading to the discrepancy observed between STAR and the experiment
data points in the Experimental Design step. The STAR and CTF outlet temperatures are sym-
metric while the experimental outlet temperatures are not symmetric. It is not apparent that the
experimental results should be asymmetric. This difference in symmetry should not be confused
with the level of turbulent mixing flattening the solution and causing the subchannel temperatures
to shift closer to the average temperature. It is not obvious, however, that physical turbulence would
result in a lack of symmetry. It is apparent that no calibration of a global 5 parameter could produce
asymmetric results. Asymmetric outlet temperature could only be produced by asymmetric local
values of 3.
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The symmetric discrepancies are shown in Figure 3.12, where the blue dots represent a CTF
simulation with no turbulent mixing (5 = 0) and the red dots are a result of a CTF simulation with
turbulent mixing (8 = 0.004025). Clearly the blue and red outlet temperatures display symmetry.
When the experimental outlet temperatures are added (green dots), the asymmetry of the experi-
mental data is evident. Statistically, the red dots with turbulent mixing are closer to the green dots
of the experiment, but for any subchannel it is not clear that the turbulent mixing captures the
unresolved physics. Some of the red dots are closer to the green dots than the blue dots and some
are further away.

The question is whether the asymmetry in the experiment represents real physics and therefore
some of the geometry or physics is missing in STAR, or is caused by asymmetry in the experimen-
tal geometry during manufacturing. Since the asymmetry in the experimental data is not easily
incorporated in the STAR geometry and mesh, a method for incorporating it in STAR needs to be
determined.

Non-physical asymmetry could be caused by poor calibration of the thermocouples in the exper-
iment. Poorly tuned thermocouples can convert a symmetric signal to an asymmetric result. This
issue could be resolved by calibrating the thermocouples individually or in groups instead of as a
lumped set. Non-physical symmetry could also be caused by damage to the thermocouples imparted
during critical heat flux (CHF) experiments performed between turbulent mixing experiments. Cal-
ibration of the thermocouples at the beginning of each test could address this issue.
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Figure 3.12. Graphical evidence of 3's inability to quantify the experimental asymmetry.

3.3.5 Final CTF Validation

A third validation step was performed to determine the improvement in CTF outlet temperatures,
when compared to experimental data, as a result of the Experimental Design and Bayesian calibra-
tion when all 21 data sets were used to calculate the optimal value of 8. As detailed in [5], the
resulting Lo error of 1.36% demonstrates essentially no improvement during the experimental design
process. This is due, in part, to the fact that the initial validation using g = 0 yielded an Loy error of
1.44% thus indicating minimal room for improvement. We postulate that the biggest reason for not
observing more improvement is due to experimental setup. In the experiment the can surrounding
the 5 x 5 array was off center. However, CTF assumes that the can is placed symmetrically around
the array.
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3.4 Conclusions

The work performed in these milestones outlined the steps of the Hi2Lo process. Due to questions
regarding the experimental data and STAR, the final results of the analysis, when compared to ex-
perimental data, were not as anticipated; however, the goal of demonstrating all steps in the process
and reducing the uncertainty in the selected value of § was achieved. While the experimental Lo
norm was not significantly improved by adding 20 additional data points through the Experimental
Design process, the uncertainty in 8 optimal was reduced leading to higher confidence in a value of
8 optimal. The STAR L5 norm was improved by adding 20 data points through the Experimental
Design process. Differences in outlet temperature symmetry between the codes and the experimental
data led to discrepancies in the value of S optimal obtained through an experiment-informed and
a STAR-informed Experimental Design process, as well as reducing the improvement made when
calculating Ly norms with respect to the experimental data.

The work performed has demonstrated that it is possible to calibrate 8 to better align CTF
outlet temperatures with the experimental outlet temperatures. Although it is clear that this work
improved the fit of CTF outlet temperatures to the experimental data statistically, it is not obvious
that adjusting the turbulent mixing parameter in CTF is capturing some unresolved physics.

The ability to calibrate g in CTF to STAR results was also effectively established. Both the STAR
outlet temperatures and the CTF outlet temperatures — with and without mixing — are symmetric
and the Lo norm with respect to the STAR data significantly decreases through the Experimental
Design process.

In terms of future work, applying the Hi2Lo framework to a problem exhibiting greater sensitivity
to at least one of the calibration parameters would be more useful for demonstrating the potential
of the process. This implementation of the Hi2Lo process also exposed the reality that high- (and
low)-fidelity calculations are often conducted under ideal conditions not often present in physical
experiments, potentially leading to statistically significant differences in calibration results between
simulations and experiments.

Future work should also be performed to address the symmetry in the code results and the asym-
metry in the experimental results. A solution verification also needs to be performed to determine
if the error due to the coarseness of the mesh is the culprit in removing the asymmetry from the
STAR results. Finally, an investigation into finding a way to change the geometry or physics in the
STAR simulation to enable better agreement with the experimental outlet temperatures needs to
occur.

Finally, future work will also focus on the use of NESTOR data for the Hi2Lo program. First, we
will use NESTOR data to better determine uncertainties in high-fidelity statistical models for STAR.
Secondly, we will employ NESTOR data to calibrate and validate heat transfer closure relations in
CTF to account for axial temperature distributions. The work will continue as the NESTOR data
is released and provided to the CASL partners for the Hi2Lo initiative.

CASL-U-2017-1447-000 23 Consortium for Advanced Simulation of LWRs



Chapter 4

STAR-Informed Extensions of CTF

Chapter 3 illustrates the complete implementation of the experimental design-based Hi2Lo frame-
work, detailed in Chapter 2, to employ experimental or STAR-generated synthetic data to calibrate
the turbulent mixing coefficient # in CTF. Proposed future application of this framework to calibrate
fuel components of CTFFuel are summarized in Chapter 5.

Whereas the experimental design-based Bayesian calibration framework constitutes a major com-
ponent of the Hi2Lo program, it is not the only Hi2Lo initiative in CASL, and a second significant
thrust has focused on the use of STAR to inform and improve the turbulence modeling and grid
heat transfer modeling capabilities of CTF. We summarize in this chapter a collaborative mile-
stone with Westinghouse, focused on implementing directed crossflow in CTF, and work detailed
in the L2:PHI.P15.04 milestone report [18] on the development of a grid heat transfer model for a
rod-bundle geometry in CTF.

4.1 STAR-Informed CTF with Westinghouse

The collaborative milestone L3:AMA.P14.04 focused on the use of STAR to improve turbulent
modeling capabilities in CTF. This milestone focused primarily on three objectives: (i) determine
the variability in STAR temperature predictions introduced through the use of different turbulence
models; (ii) calibrate the turbulent mixing coefficient 8 for experimental mixing vane grid data and
quantify the sensitivity of predictions with respect to 8, and (iii) add a source term to the liquid
lateral momentum equation in CTF to account for directed cross-flow at the subchannel gaps caused
by spacer grid mixing vanes. Whereas this milestone did not employ the experimental design-based
framework for Bayesian calibration of low-fidelity model parameters, Objectives (i) and (ii) provide
a prelude for the analysis in L3:VVIL.H2L.P15.01 and L3:VVI.H2L.P15.02 in which we demonstrated
the Hi2Lo framework for a non-mixing vane regime; see Chapter 3.

The experimental setup was the same as that detailed in Section 3.1 with the exception that
experiments included mixing vane grid spacers such as that shown in Figure 4.1. Details are provided
in [6].

As a step toward the quantification of the observation errors £(&,) when constructing a high-
fidelity statistical model (2.4) for STAR, we quantified how the use of six standard turbulence models
affect STAR temperature predictions. The six considered turbulence models are: realizable k — ¢
two-layer, realizable k — e (high y+), linear standard k — ¢, quadratic k — ¢, cubic standard k — ¢,
and standard (Wilcox) k — . For simulated and experimental temperatures Ty, r, and Tegp p, for
the 36 subchannels, the Lo norms

36
\/Zn:1(Tsim,n - Tewp,n)Q
2 =

36 2
Zn:l Texp,n

L x 100,

24
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Figure 4.1. CAD representation of the mixing vane grid employed in the 5 x 5 tests.

for the turbulence models are plotted in Figure 4.2 for 11 tests. It is noted that the standard k — &
model yielded the lowest Lo norm. However, it should also be noted that these results are mesh-
dependent and may change with new meshes. This analysis can be compared with that in Figure 3.5
of Section 3.2.2.

Secondly, we employed deterministic calibration methods in Dakota to compute the optimal
value of 0.037 using the mixing vane grid data. This value can be compared to the mean value
0.004025 computed in Section 3.3.4 using non-mixing vane data. The larger value reflects the fact
that 8 in this case accounts for more mass, momentum and energy transfer between channels due
to the mixing vanes. Finally, the sensitivity of normalized temperature predictions to values of (8
ranging from S = 0.03 to 0.06 are plotted in Figure 4.3. In Figure 4.4, we illustrate initial comparison
of normalized temperatures for CTF with § = 0.037, STAR and experimental data.
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Figure 4.2. Comparison of Ly norms for 6 turbulence models for a single test case.
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Figure 4.3. Sensitivity of normalized temperatures on 3.

As detailed in [6], one objective was improve the functionality of CTF by adding a source term
to the liquid lateral momentum equation to account for directed crossflow at the subchannel gaps
caused by spacer grid mixing. STAR was used to create multipliers to generate this source term. In
Figure 4.5, we illustrate initial normalized temperature comparisons between CTF, with and with-
out directed crossflow, STAR, and experimental data. The addition of directed crossflow introduced
a slight amount of asymmetry to the CTF predictions that was not present before; however, the
CTF predictions are not necessarily improved compared to the non-crossflow results. In many of
the internal subchannels, the addition of the directed cross flow resulted in a worse prediction of ex-
perimental temperatures for certain regimes, but the prediction was closer to the experiment/STAR
for some of the periphery subchannels.

5X5 MVG Test #13:
Deterministically Calibrated Beta = 0.03
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Figure 4.4. Comparison of normalized temperatures for CTF with 8 = 0.0037, STAR and experi-
mental data.
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5X5 MVG Test #13:
Crossflow and NMV Calibrated Beta = 0.0037
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Figure 4.5. Comparison of normalized temperatures for CTF with and without directed crossflow,
STAR and experimental data.

This investigation provided an initial step demonstrating the use of the high-fidelity code STAR
to improve the grid modeling capabilities of the subchannel code CTF. Future work will focus on
creating mixing multipliers, based on STAR, to be added to the turbulent mixing coefficient 8 in
CTF to account for spacer grid-enhanced turbulent mixing within subchannels.

4.2 STAR-Informed Heat Transfer Enhancement in CTF

We summarize here work reported in the L2:PHI.P15.04 milestone report [18], which included the
extension of STAR enhanced grid heat transfer modeling capabilities from single-rod level to rod-
bundle geometries. Whereas this does not involve the experimental design component of the Hi2Lo
framework, it complements the Westinghouse research, discussed in Section 4.1, in the sense that it
demonstrates a STAR-informed enhancement of CTF to improve grid modeling capabilities.

Without modification, CTF cannot quantify complex spatially-dependent heat transfer behavior,
caused by mixing vane grids, due to its low spatial resolution, lack of advanced turbulence models,
and crude representation of the model geometry. The investigation in [19] detailed an approach
for developing HT'C multiplier maps to reconstruct this grid-generated heat transfer behavior for
a single rod. This procedure is extended in [18] to a more realistic rod-bundle geometry, which
requires the development of a multiplier map for each pin in the 5 x 5 bundle.

The steps required for this extension can be summarized as follows. CTF was first run without
a grid heat transfer model to compute a set of bare-bundle HT'C, which could be used to normalize
the local HT'Cs computed using STAR. Secondly, a STAR HTC was computed using the mass-flow-
rate-averaged bulk temperature for the adjacent subchannel. For the single-rod case, calculation
of the HTC was simplified by the fact that there is only one channel surrounding the rod. The
extension to the rod-bundle required the development of Python tools to average the STAR data
onto the CTF mesh. After STAR data was used to construct 25 individual rod HTC maps, a shape
function was constructed to create the HT'C map for the entire length of the pin. The accuracy and
performance of the procedure are detailed in [18].

The conclusions in [18] include the following. It is noted that the HTC multiplier maps can only
quantify geometry effects of the grid and are not designed to compensate for modeling errors — e.g.,
represented by 6(&,) in the statistical model (2.3) — such as deficiencies due to the mixing model.
Secondly, it is necessary to first calibrate the turbulent mixing coefficient 5 since bulk temperature
will have a direct linear impact on the predicted rod surface temperature.

Future investigations will focus on extending this feature to production level capabilities. They
will also focus on extending the models to accommodate boiling regimes.
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Chapter 5

Plans to Calibrate CTFFuel’s
Deformation Models

The milestone L3:PHI.P15.01 focused on the development of a stand-alone fuel code to simulate
steady-state and transient thermo-mechanical responses of light-water reactor fuel rods. It also
focused on verifying the temperature predictions using both analytic solutions and a well-established
and validated fuel performance code.

The milestone focused on five major topics: (1) development of the code CTFFuel, (2) discus-
sion of the newly implemented fuel deformation models for the dynamic gap conductance model in
CTFFuel, (3) integration of the dynamic gap conductance model into VERA-CS, (4) verification
of the solid conduction solution and comparison of CTFFuel with respect to the parent code CTF,
and (5) benchmarking the thermal conductivity degradation using the burnup-dependent fuel ther-
mal conductivity models and benchmarking the fuel centerline temperature using the dynamic gap
conductance model with Halden measurements and FRAPCON-4.0 simulation results. CTFFuel
temperature predictions were compared to predictions from FRAPCON-4.0 for UO5, UO3+Gd303
and MOX fuels through the reactor’s life. The main motivation was to understand discrepancies
between CTFFuel and FRAPCON-4.0’s temperature predictions.

In this chapter, we summarize the model development detailed in the milestone report [22], which
was developed outside the Hi2Lo initiative, and discuss the future role of the Hi2Lo framework
for calibrating parameters in the newly developed fuel models in CTFFuel. Hi2Lo calibration of
CTFFuel using BISON generated data will allow VERA to run much faster without having to couple
with BISON while maintaining the higher-fidelity of fuel temperatures as predicted by BISON. The
verification and validation of the models are detailed in [22].

As motivated in Section 2.1.2; the dynamic gap conductance is given by

hgap = hgas + Nrad + Pcontact- (51)

Here the gas conductivity in the gap hgqs, conductance to radiation h,.q, and solid-solid contact
conductance heontact, Which incorporates potential physical contact between the fuel pellet and
cladding, are given by

h _ kgas _ kgas
gas Dmp + (gl + 92) Atgap
(@ -TH(T - T
rad = OSB— ) A, (5.2)
La(L-1)4

Pine \"
hcontact = CkmF(Lz;Rz) ( t) .

T
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Here 05p denotes the Stefan-Boltzmann constant, Ty, T, are the fuel surface and clad inside tem-
peratures, Ay, A, are corresponding areas, € is the surface emissivity, C' is an empirical correlation,
and Pj,; is the interfacial pressure. Furthermore, H denotes the Meyer hardness, k is the thermal
conductivity, D,,, denotes the mean width between the fuel and cladding, (g1 + ¢2) is the tempera-
ture jump distance, and Atg,, denotes the gap thickness. In the last relation, F'(L;, R;) is a function
of the peak-to-peak asperity separation L; and the surface roughness R; and k,,, denotes the mean
thermal conductivity.

5.1 Fuel Models

To augment the existing fuel thermal expansion model and to better quantify thermal-mechanical
behavior of the fuel rod under LWR conditions, the following new deformation models were imple-
mented in [22]: fuel swelling, fuel irradiation-induced densification, and fuel relocation models. These
models all contribute to the change in gap size; a more general relation for the fuel deformation,
which contributes to changes in the gap, can be defined as

Atgap = tinit — Atfuel,thermal,exp - Atfuel,su)ell - Atfu.elJ'el + Atfuel,dens (53)

for the gap thickness, which incorporates the strains At;pniz, Al puel_thermal_ewps At fuel_swells At fuel_rel
and Atfyer_dens due to the initial configuration, fuel expansion, fuel swelling, fuel relocation, and
fuel irradiation-induced densification.

5.1.1 Fuel Swelling

Fuel swelling is calculated based on the increased volume that fission products must occupy, and
is defined as a positive volume change resulting from different solubilities, chemical states, lattice
parameters, numbers of atoms, and chemical valences of the atoms resulting from the nuclear fission
process [8]. As detailed in [22], two models were implemented in CTF: a MATPRO-11 model and
FRAPCON’s model for the fuel swelling.

MATPRO Model: The MATPRO-11 model for the swelling Sy due to solid fission products is
given in [8] as

S, =2.5x10"2ABu (5.4)

and swelling S, due to gaseous fission products for temperatures T' below 2800 K is
Sy =8.8 x 107°%(2800 — 7)™ exp [-0.0162(2800 — T')] - exp [—8.0 x 10~ *"Bu] ABu.  (5.5)

Here S5 [m®/m3] is the fractional volume change due to solid swelling, S, [m?/(fissions/m?)] is the
fractional volume change to gaseous swelling/burnup, Bu [fissions/m3] is the total burnup of fuel,
ABu [fissions/m?] is the burnup during a time-step, and T' denotes the temperature in degrees K.
For fuel temperatures greater than 2800 K, S, in (5.5) is set to zero.

FRAP Model: FRAPCON has its own swelling model based on the assumption of linear with
local (node-average) burnup. It starts after a burnup of 6 GWd/MTU, and accumulates per time-step
at a rate equal to 0.062 volume percent per GWd/mMTU up to 80 GWd/MTU and 0.086 volume percent
per GWd/MTU beyond 80 GWd/mTu [13]. Additionally, gaseous swelling influence on the permanent
cladding hoop strain in high burnup rods is given in [13] by

Al { 4.55 x 107°T — 4.37 x 1072 |, 960° < T < 1370 °C 56)

Atfuestell =0 = 9
¢ —4.05 x 107°T + 7.40 x 1072, 1370° < T < 1832 °C.

CASL-U-2017-1447-000 29 Consortium for Advanced Simulation of LWRs



E@Z _/\SI__ High-to-Low Activities across VVI, AMA and PHI

In CTFFuel, it is assumed that swelling is an isotropic deformation, which therefore yields one-
third of the volume increase in each direction. There exists differences in the fractional swelling
predicted by the two models and the selection of the model is presently left to the user. We note
that a better comparison could be performed using existing experimental data.

The parameters in the fuel swelling relation (5.6) were calibrated using Halden integrated reactor
data. The re-calibration of these parameters using experimental data in the literature and BISON
constitutes a future Hi2Lo calibration task discussed in Section 5.2. To accomplish this, we could
consider a fuel swelling relation of the form

0T +60; , 960°C<T <8,
Atfuel,swell = (57)
03(T—04)+02+9194 s 0, <T < 1832 OC,
where 6 = [04,...,0,] are parameters to be inferred using experimental or BISON-generated syn-

thetic data.

5.1.2 Fuel Irradiation-Induced Densification

The dimensional changes in fuel due to irradiation-induced densification of UO, fuel is calculated
during the first few thousand hours of water reactor operation. The densification is computed as a
function of fuel burnup, temperature, and initial density. As detailed in [22], three fuel densification
models are implemented in CTF: a MATPRO-11 model, a FRAP model and an ESCORE model.

MATPRO/FRAP Model: As detailed in [8,13], MATPRO-11/FRAP models calculate the total
densification

AL AL

Atfyeldens = — = | =

fuel_d To < To

) + exp (—3.0(Bu + B)) + 2.0 exp (—35.0(Bu + B)) (5.8)
as a function of burnup. Here (AL/Ly),, denotes the maximum possible change in fuel due to
irradiation, Bu [MWd/kgu] is fuel burnup and B is a constant determined by a numerical algorithm
with the boundary condition AL/L, =0 when Bu = 0.

The maximum possible dimension change of fuel due to irradiation (AL/L),, is specified as
follows. If a nonzero resintering density change App, with units of [k&/m?3], is employed as an input,
the dimension change is given by

AL —0.00150 - A , T <1000 K
< > { re (5.9)

Lo —0.00285-App , T >1000 K,

where T' denotes temperature in degrees K. For the case when it is not employed as an input, then

22.2(100—TD)
AL\ | “@enrotasm o T <1000K o
Lo /,, | _666000-TD) 1o q000 K :

(TsinT—1453)

where T'D [%)] is the theoretical density and Tsryr is the sintering temperature in degrees K.
In contrast to MATPRO-11, FRAPCON-4.0 calculates the maximum possible fuel dimension
change due to irradiation, with non-zero resintering density change as an input, using the relation

ALY\  100-RSNTR (5.11)
L,). — (3.0-FDENS)’ '

see [13] for details.
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ESCORE Model: In this model, it is shown in [17] that the total accrued specific volume change

(ﬂ) , due to densification at a constant temperature operation, is given by
D

Vo
<AVV>D o [e"p {B“ By H (5.12)

for temperature-independent densification, where C' = 1.0. For temperature-dependent densification,
one employs the relation

1.0 . Ty > 750 °C

C = (5.13)
7.2 — 4.3(T; — 25)/500 , Ty < 750 °C,

where App [%] denotes the total amount of densification that can occur as a fraction of theoretical

density and Bup is the burnup at which densification is complete.

5.1.3 Fuel Relocation
FRAP Model: The fuel relocation model, which computes the change in pellet outer diameter,

is a function of burnup and power and is given in [13] by

AD
Atfuel,rel = Do

0

0.055 ,  Bu < 0.0937¢Wd/mTU (5.14)
0.055 4+ min (Cg, Cg - [0.5793 4 0.2447In(Bu)]) , Bu > 0.0937¢Wd/mru,

where
0.345 , q <20
Cr=1 0.345+ (¢’ —20)/200 , 20<q <40 (5.15)
0.445 , q' > 40.

Here AD/Dg notes the fraction of the gap closure due to relocation to as-fabricated gap closure, ¢’
[«W/tt] denotes the local power, and Bu [¢Wd/MTU] is the local burnup.

As with the fuel swelling model (5.6), the relocation model (5.14) and (5.15) contains a number of
parameters that were calibrated using Halden data. For future CASL applications, we will consider
general relations

0 , Bu < exp(—02/6
Atfuel:rel = ! p( 2/ 3) (516)
f1 4+ min (OR, Cgr- [92 + 03 IH(BU)D , Bu> exp(—02/93),
where

94 B q/ < 96
Cgr = 04 + (q’ — 96)/95 , 06 < q’ < b (517)

04+ (07 —06)/05 , ¢ > 07
Here 6 = [0y, ..., 0] are parameters that will be calibrated using the Hi2Lo framework with experi-

mental data or synthetic data generated using BISON.

ESCORE model The fuel relocation model to calculate the change in pellet outer diameter is
given in [17] by

(%AD > = 0.80Q <%Gt) (0.005Bu%% — 0.20D, +0.3) , (5.18)
Do/ rer Do
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where
0.0 ., ¢ <6
Q=<{ (-6 |, 6<q¢ <14 (5.19)
(¢ —10)Y/%2 | ¢ > 14.

In this case, (%AD/Dg) g, is the percent change in diameter due to relocation, Dy [in] denotes
the as-fabricated cold diameter of the fuel pellet, Bu [MWd/mTU] is the pellet average fuel burnup,
and G; [in] denotes the as-fabricated cold gap diameter, which is the initial gap thickness.

5.2 Future Hi2Lo Calibration of CTFFuel Parameters

The forms of deformation models are selected similar to FRAP models to facilitate calibration. These
models must all be validated and, most likely be re-calibrated, before CTFFuel can be integrated
into VERA.

In FY18, we will employ the Hi2Lo experimental design and Bayesian calibration framework to
calibrate relevant parameters 6 — e.g., see (5.6), (5.16) and (5.17) — using both experimental data
available in the literature and BISON-generated synthetic data. Whereas the MATPRO and EX-
CORE relations are also employed in BISON;, the predictions provided by CTFFuel and BISON will
likely differ, in part due to the respective finite-difference and finite-element implementations. We
will employ the experimental data to quantify discrepancies in BISON predictions due to missing
physics when quantifying gaps between cladding and fuel. We will subsequently employ the exper-
imental design framework to determine where in the design space to evaluate BISON to optimally
provide information when calibrating parameters in closure relations.
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Chapter 6

Conclusions and Future Work

This report documents several CASL initiatives broadly focused on the use of validated high-fidelity
simulation codes to inform, improve and calibrate low-fidelity codes to facilitate multiphysics cou-
pling, design, performance analysis, and risk assessment. During the last year, there were two
primary components to the program: demonstration of the experimental design-based Bayesian
calibration framework to calibrate the turbulent mixing coefficient 5 in CTF using both STAR-
generated synthetic data and experimental data, and the use of STAR to inform and improve the
turbulence modeling and grid heat transfer modeling capabilities in CTF. A complementary mile-
stone focused on the implementation and verification of fuel models in CTFFuel, for which we
demonstrated initial calibration results.

The demonstration of the experimental design-based Bayesian calibration framework illustrated
that it is possible to calibrate 5 to better align CTF outlet temperatures with the experimental outlet
temperatures. Although it is clear that this work improved the fit of CTF outlet temperatures to the
experimental data statistically, it is not obvious that adjusting the turbulent mixing parameter in
CTF is quantifying some unresolved physics. The ability to calibrate 8 in CTF to STAR results was
also effectively established. Both the STAR outlet temperatures and the CTF outlet temperatures,
with and without mixing, are symmetric and the Lo norm with respect to the STAR data significantly
decreases through the experimental design process.

In future work, we will perform sensitivity analysis studies with CTF to identify important
parameters that induce variations in subchannel temperatures along the axial domain. Future work
should also address the fact that the codes produced symmetric results whereas the experimental
data exhibited asymmetries. A solution verification also needs to be performed to determine if
the error due to the coarseness of the mesh is the culprit in removing the asymmetry from the
STAR results. Finally, we need to investigate how to change the geometry or physics in the STAR
simulation to enable better agreement with the experimental outlet temperatures.

The investigations focused on employing STAR to inform CTF produced a directed cross-flow
model and STAR-enhanced grid heat transfer model for rod-bundle geometries. Future work will
focus on creating mixing multipliers, based on STAR, to be added to the turbulent mixing coefficient
B in CTF to account for spacer grid-enhanced turbulent mixing within subchannels.

Future work will also focus on the use of NESTOR data for Hi2Lo applications. We will first
use NESTOR data to better determine uncertainties in high-fidelity statistical models for STAR.
Secondly, we will employ NESTOR data to calibrate and validate heat transfer closure relations in
CTF to account for axial temperature distributions. The work will continue as the NESTOR data
is released and provided to the CASL partners for the Hi2Lo initiative.

Finally, a significant component of the future Hi2Lo program will focus on the use of the
Hi2Lo experimental design framework to calibrate parameters in the developed fuel swelling, fuel
irradiation-induced densification, and fuel relocation models in CTFFuel using both experimental
and BISON-generated data. We will also employ experimental data to quantify discrepancies in
BISON predictions due to missing physics when quantifying gaps between cladding and fuel.
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