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ABSTRACT

This work presents and applies a workflow for performing design optimization
on gas-cooled pebble-bed reactors. Based on previous research, a representative
equilibrium core of a pebble-bed reactor and a depressurized loss-of-forced-
cooling model are created. These applications are built using the Multiphysics
Object-Oriented Simulation Environment (MOOSE), specifically utilizing Griffin,
Pronghorn, and Bison. After defining design-related parameters and quantities of
interest regarding reactor safety and efficiency, this multiphysics model is sampled
using the MOOSE stochastic tools module. The result is a comprehensive dataset of
configurations, enabling sensitivity analysis and the generation of reduced-order
models. Subsequently, the dataset and reduced-order models are employed in an
optimization study aimed at maximizing fuel utilization while adhering to safety
and operational constraints. The optimization process leads to an improvement of
fuel utilization by approximately 10%, compared to engineering-judgment-based

nominal conditions.
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1. INTRODUCTION

Pebble-bed reactors (PBRs) represent a unique class of reactor concepts that pose distinctive
challenges in modeling, simulation, and design. These challenges primarily arise from the
continuous movement of fuel within the reactor, which makes predicting or characterizing
the impact of certain design or model parameters challenging. Therefore, a combination of
multiphysics models and data-driven meta-models could offer valuable insights into how these
parameters influence both safety and economic aspects of the reactor. The objective of this paper
is to explore the application of these methods using the 200 MWy, general pebble-bed reactor
(GPBR200) as a representative model [45, 54].

In general, PBRs comprise a cylindrical vessel into which tennis-ball-sized ceramic pebbles
filled with fuel are inserted into the core thus constituting a pebble bed. The coolant circulates
through this pebble bed; for high-temperature gas-cooled reactors (HTGRs), the gaseous fluid
flows from top to bottom. These pebbles serve as their own moderators, constructed of graphite
with embedded tristructural isotropic (TRISO) particles. In the steady-state equilibrium condition,
the core remains continuously refueled with fresh pebbles at the inlet and discharged pebbles at
the outlet. This feed consists of both fresh-only pebbles and recycled pebbles from the discharge.
A detailed explanation of the design and engineering concepts mentioned in this work can be
found in Reference [22]. Gas-cooled PBRs are particularly significant for study due to their various
advantages over traditional reactor technologies. TRISO particles provide safety benefits due
to their durability at high temperatures, preventing the release of radioactive material during
malfunctions or accidents. Moreover, the specific fuel forms make extracting weapons-grade
material difficult, enhancing proliferation resistance [42]. The high operating temperatures of
these reactors enable a more efficient power cycle, maximizing fuel utilization. The continuous
fuel cycle also enhances fuel utilization by uniformly consuming the fuel and reducing waste
through burning long-lived isotopes.

Similar to any reactor design, HTGRs encompass numerous design parameters that result
in a seemingly endless array of possible reactor configurations. Design processes filter these
configurations by considering both safety and economic factors. Safety constraints involve

adhering to principles that enable certification and prevent system damage. Economic viability



entails minimizing development and operational costs while maximizing energy output. Often,
safety and economic considerations counteract each other. For instance, higher core temperatures
enhance fuel cycle efficiency but also increase the risk of fuel damage and reduce the margin for
system failure. Thus, identifying a viable and optimized design from the multitude of potential
configurations is a complex task. This typically involves testing various design parameters,
determining viable resulting configurations, and ultimately narrowing down to an optimized
design.

Given that experimental data is often limited and lacks generality in the parameter and
output space, modeling and simulation play a crucial role in the design process. Reference [50]
provides a comprehensive overview of software packages used in published works. In this study,
we construct a fully-coupled multiphysics GPBR200 model using Multiphysics Object-Oriented
Simulation Environment (MOOSE)-based applications [27]. The multiphysics model encompasses
neutronics, depletion, thermal hydraulics (TH), and pebble-scale heat conduction. Neutronics
and depletion are modeled using the reactor analysis application Griffin [24]; details on Griffin’s
capabilities are provided in Reference [61]. Multidimensional TH is modeled using Pronghorn,
an intermediate-fidelity coarse-mesh TH tool [38]. Additionally, heat conduction within pebbles
is modeled using the fuel performance application Bison [62]. More details on each of these
applications and their utilization can be found in Section 2.

Reference [56] offers an extensive literature review on uncertainty quantification and
sensitivity analysis for HTGRs. Relevant literature for this work includes [13], which carried out
engineering-judgment-based optimization of a salt-cooled PBR with a design and output space
similar, albeit considerably more detailed, to that presented in this paper. Works specifically
focused on optimization of HTGRs include References [6, 19, 51, 59], which concentrate on fuel
management optimization, some involving safety-related constraints. This study emphasizes
the development and application of an efficient workflow for design optimization, considering
a significant design space and accounting for both safety and economic factors. The model
employed in this analysis begins with a coupled neutronics-depletion-TH equilibrium core
simulation [29, 50], serving as the initial condition for a depressurized loss of forced cooling
(DLOFC) transient [65]. The design space encompasses various parameters related to fuel

properties, pebble management, and core geometry. Viability and performance are assessed



through various quantities of interest (Qols) involving neutron economy, power peaking, fissile
metal production, system temperatures, and fuel utilization. Given the diversity of this design and
output space, it becomes challenging to implicitly determine the effects of configuration changes,
particularly when multiple parameters change simultaneously. Thus, a stochastic approach to
design optimization is adopted for this study. There are several potential optimization algorithms,
including gradient-based algorithms like gradient descent [12] or quasi-Newton methods [10],
as well as gradient-free algorithms [11]. Particularly interesting are the use of particle swarm
optimization [59] and genetic algorithms [19] for PBR fuel cycle optimization. For a detailed
overview of multiobjective optimization algorithms related to nuclear engineering, refer to [55].
As the goal of this work is not to characterize optimization algorithms, we have adopted a
purely stochastic approach. This involves randomly sampling the design space and selecting the
configuration with the most favorable Qol values.

Any choice of optimization algorithm would inevitably require numerous evaluations of
the physics model. Depending on the model’s complexity, performing more than a few dozen
sequential evaluations could become intractable. Parallel execution of the model could allow
for more evaluations, but many optimization algorithms require sequential evaluations, and
computing resources for design processes often involve clusters with limited parallel processes.
Consequently, there arises a need for generating fast-evaluating surrogates or reduced-order
models (ROMs) of the multiphysics model. This study characterizes various ROM methodologies
that accurately predict Qols for a given design configuration, effectively reducing the burden of
evaluating configuration performance for optimization. These methodologies include polynomial
regression (PR) [41], Gaussian processes (GPs) [46], and artificial neural networks (ANNSs) [36].

ROMs are known to suffer from the so-called “curse of dimensionality,” where as more system
parameters are added to the model, exponentially more training data are required to maintain
model accuracy. Therefore, performing a sensitivity analysis on the design parameters becomes
valuable. Sensitivity analysis quantifies the impact of parameter perturbations on resulting Qols,
providing insights into how specific design considerations influence the system and potentially
streamlining the design process. It also offers a method to filter high-dimensional design spaces,
simplifying ROM generation and improving their accuracy within a fixed dataset. In this work,

a global sensitivity analysis is performed using Sobol indices [53], computed using polynomial



chaos expansion (PCE)[58]. Generating the training data from running the multiphysics model,
the sensitivity analysis, and ROM generation and evaluation are all handled using the MOOSE
stochastic tools module (MOOSE-STM) [52].

The workflow explored in this study for performing design optimization on HTGR PBRs
is depicted in Figure 1. The paper is structured into four main sections, each corresponding to
distinct phases of the process. The first phase involves the development of the GPBR200 model,
serving as a representative HTGR PBR design. Section 2 delves into the model’s construction,
outlines the applications and numerical methods utilized, and presents results using nominal
design parameters. The second phase covers the selection of design parameters and Qols
relevant to system constraints and optimization, along with the generation of training data and
sensitivity analysis. Section 3 describes the chosen parameters and Qols, presents an analysis of
the design space through exploration, and computes global sensitivity. The third phase entails
ROM generation. Section 4 details the reduced-order modeling methods employed in this study
and compares the different methodologies using results. The fourth phase involves evaluating
the ROMs across a broader parameter space, applying system constraints to obtain a set of viable
configurations, and selecting an optimized model. Section 5 examines the effects of system
constraints on the evaluation set, presents the design parameters of the optimized model, and
compares ROM predictions with the evaluation of the multiphysics model under optimized

parameters. The paper concludes with a summary in Section 6, which also outlines areas for
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Figure 1: Workflow for performing design optimization.



2. MODEL DESCRIPTION AND METHODOLOGY

In this section, the representative HTGR PBR model, named GPBR200, is introduced. This
model is the latest advancement compared to the ones presented in References [45, 54]. Notable

differences include:

A broader cross-section dataset with more grid variables (refer to Section 2.1)

Enhanced representation of pebble streamlines, incorporating the pebble-bed conus

(explained in Section 2.2)

Utilization of the finite volume method for porous flow (discussed in Section 2.3)

¢ Improvements to the pebble and TRISO fuel-performance model (outlined in Section 2.4)

Development of a DLOFC transient model (elaborated upon in Section 2.5).

This model is actively evolving, and forthcoming iterations are expected to be highlighted in
subsequent publications. Its construction is informed by literature encompassing various designs,
such as HTR-PM [64], Xe-100 [7, 35], HTR-Modul [57], PBMR400 [2], and HTTR [23]. The GPBR200
geometry is depicted in Figure 2, and some nominal core properties are presented in Table 1. This
model adopts an axisymmetric (R-Z) representation for its development.

The model employs three distinct MOOSE-based applications: Griffin (neutronics and
depletion), Pronghorn (TH), and Bison (pebble and TRISO heat conduction). A significant
advantage of utilizing MOOSE-based applications is their programmable execution through the
MOOSE MultiApps system, with the ability to couple each physics using the Transfers system.
For an in-depth explanation of these systems, refer to Reference [16]. The MultiApps system
operates within a hierarchical framework, where a primary application drives sub-applications
representing individual physics and transfers relevant quantities between them. Figure 3
illustrates the MultiApp structure within the GPBR200 model.

In this configuration, the DLOFC serves as the primary application, initiating an initial
equilibrium-core evaluation. It computes decay heat and core-wise solid temperatures at each
time step, and then executes a series of pebble/TRISO sub-applications to acquire fuel and

moderator temperatures. The equilibrium-core simulation is fully coupled, with Griffin serving
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Figure 2: Geometric diagram of

GPBR200 model.

Table 1: Nominal properties of GPBR200 model.

Property Value Unit

Power 200 MWy,

Core radius 1.2 m

Core height 893 m

Pebble diameter 6 cm

TRISO filling factor 934 %

Fuel kernel uco —

Fuel kernel diameter  0.425 mm
Enrichment 155 %wt
Discharge rate 1.5 pebbles/min
Discharge limit 147.6 MWd/kgum
He flow rate 643 kg/s

He inlet temperature 260 °C

He outlet pressure 58 MPa

RCCS temperature 70 °C




as the driving application. Griffin employs a fixed-point iteration approach to converge all physics
aspects: it begins with the batch of pebble and TRISO evaluations, followed by a streamline
depletion solve, criticality calculation, and concluding with the TH evaluation. This iterative

process continues until the calculated k¢ value converges.

Equilibrium Core (steady-state) Protected DLOFC (transient)

* 2D RZ Heat Conduction: No fluid flow
or coolant heat transfer
* Decay heat: explicit short-depletion
calculation, no neutronics

GRIFFIN — Neutronics + Depletion

* 2D RZ Diffusion: Pebble bed, upper cavity, reflector, control rod.

* Cross sections: 9 Energy groups, 6 tabulation variables (Burnup, Fuel Temperature,
Moderator temperature, Enrichment, TRISO packing, Fuel kernel radius)

* Depletion: 5 streamlines, 295 isotopes + 20 pseudo isotopes, 13 burnup groups

Temperature
Moderator
Temperature

PRONGHORN - TH « 1D Spherical Heat conduction: Pebble core-

« 1D Spherical Heat conduction: Pebble core- * 2D RZ porous media: Pebble bed, cavity, . ;h;(l'lon;;):gell; 2;%?:&5;58005:?;:2‘3?%%

shell model, Average TRISO particle model. reflector, gaps, barrel, RPV, oup (13) and for each core zone (300)
* 3,900 single CPU subapps, one for each BU * Gaps treatment: radiation conduction group
group (13) and for each core zone (300) model for gaps and cavity.

Figure 3: MultiApp structure of GPBR200 equilibrium core and DLOFC model.

The remainder of the section discusses each of the individual physics involved and the
methods used in the applications and presents results for the model under nominal design

parameters.

2.1 Neutronics Model

The neutronics physics within the GPBR200 model plays a central role in assessing the
neutron population distribution across the reactor. This population is subsequently utilized
in the depletion model to compute nuclide transmutation due to various reactions such
as absorption and fission. The power density, which is also derived from this population,
serves as heat generation input for the TH and pebble/TRISO models. The evaluation of
neutronics involves solving a neutron transport criticality calculation, which takes the form of a
generalized eigenvalue problem. In this problem, the multiplication factor (ke) represents the
largest eigenvalue, while the neutron flux serves as the corresponding eigenvector. To ensure
computational feasibility, we adopt a diffusion approximation of the transport equation (refer to

Chapter 7 of Reference [14]). The geometry is discretized using the continuous Galerkin finite



element method with linear shape functions [66].

The model incorporates three distinct material regions: the pebble-bed core, the region outside
the core, and the upper cavity. Microscopic cross sections for the first two regions are generated
using a nine-energy group structure. Within the core region, cross sections were computed for
295 isotopes across six grid variables using Dragon [1]. These grid variables encompass burnup,
fuel temperature, moderator temperature, TRISO kernel radius, TRISO filling factor, and fuel
enrichment. Burnup is determined via the streamline depletion calculation, while fuel and
moderator temperatures are obtained from the pebble and TRISO calculation. The remaining
variables are supplied as inputs to the model. For the region outside the core, Dragon was also
employed to derive cross sections for graphite and boron. For the upper cavity region near void,
macroscopic cross sections were produced using Serpent [25], and the diffusion coefficient was
corrected based on the cumulative migration method [28].

The control rod is modeled by adjusting the boron concentration in the channel region, based
on the provided height. A series of equilibrium-core calculations were executed at varying control
rod heights to ascertain the critical configuration, as depicted in Figure 4. Through this study, the
critical rod depth was identified to be 1.747 meters into the active core region. A calculation was
performed at this specific depth, yielding a ks value of 0.99961. This value implies that the reactor
possessed 806 pcm of excess reactivity when the rod was fully withdrawn. The distributions of

the fastest and most thermal neutron fluxes are illustrated in Figure 5.

2.2 Depletion Model

Conducting depletion calculations for PBRs introduces distinct challenges due to the
continuous movement and refueling of pebbles within the core. Griffin employs an Eulerian
approach to simulate the flow of pebbles along nonoverlapping streamlines within the core.
Additionally, it employs a discrete representation of fuel burnup, as detailed in Reference [50].
The outcome of this calculation is a distribution of nuclide densities contingent on spatial location
and burnup range (or group). These distributions are then used to calculate macroscopic cross
sections for the neutronics calculation. A noteworthy aspect of this depletion solver is that the
discharge (nonrecirculation) of pebbles is dictated by their burnup, rather than the number of

passes.
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In the GPBR200 model, five streamlines are integrated, derived from the discrete element
simulation showcased in Reference [47] and illustrated in Figure 6. The model encompasses 13
burnup groups, evenly distributed across ranges of 16.4 MWd/kgHM. The nominal threshold
for discharging pebbles without recirculation into the core’s top is set at 147.6 MWd/kgHM. It’s
important to note that the Griffin streamline depletion implementation employs units of energy
per pebble volume, thus requiring a conversion of the units mentioned above based on the heavy
metal mass within the pebble.

Originally, the 295-nuclide decay and transmutation library, used in Dragon, was repurposed
for integration into Griffin. However, during initial testing of the nuclide library designated
for depletion calculations, a substantial under-prediction of decay power was observed when
compared to a reference calculation using a 1,741 nuclide depletion library sourced from the
comprehensive ENDF-VIILO dataset [8]. To address this discrepancy, a methodology akin to
that presented in Reference [9] was employed. This involved modifying the original library by
incorporating 20 pseudo-nuclides, resulting in decay heat predictions effectively matching those
of the reference calculation.

The resulting power density and fissile nuclide concentrations are shown in Figure 6.

2.3 Thermal Hydraulics Model

The TH Pronghorn model utilized in this study is substantially based on the models presented
in Reference [3]. The key methodological difference compared to Reference [3] involves the
adoption of the weakly-compressible finite-volume formulation for the fluid and finite-volume
discretization of the solid energy conservation equations, elaborated in Reference [26]. This
finite-volume approach ensures local conservation of energy, momentum, and mass and offers
improved treatment of discontinuities in friction forces and porosity.

Pronghorn is tailored to model PBRs at an intermediate fidelity level. This entails representing
core flow conditions within a two-dimensional axisymmetric geometry, while consolidating
geometric details into closure relationships that describe the exchange of momentum and
energy between the fluid and stationary solid phases. These closure relationships encompass
pressure drop correlations, heat transfer coefficient correlations, effective solid and fluid thermal

conductivities. An overview of closure correlations commonly employed in Pronghorn can be
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found in References [33, 49], particularly Table 1 in Reference [49], for a different PBR. For the
sake of brevity, only discrepancies between the models used in Reference [49] and the present
work are highlighted here.

The domain’s porosity in each region is displayed in Table 2. Fluid properties are sourced from
Reference [44]. Graphite thermal conductivity is set at 26 W/m-K, specific heat at 1697 ] /kg-K, and
density at 1,780 kg/m?, subsequently adjusted for porosity as in Reference [49]. The heat transfer
coefficient for the pebble bed is computed using the Kerntechnischer Ausschuss (KTA) correlation,
differing from the Wakao correlation [39]. The resultant fluid velocity, pressure, temperature, and

solid temperature under nominal conditions are illustrated in Figure 7.

Table 2: Porosity in each fluid region of the GPBR200 model.

Region Porosity
Inlet 0.22
Riser 0.22
Upper cavity 1.0
Pebble bed 0.39
Conus channel 0.63
Lower plenum 0.40
Hotleg 0.07

2.4 Pebble and Fuel Particle Model

The fuel design of the GPBR200 model closely resembles that of most other gas-cooled PBR
designs, as depicted in Figure 8. The primary aim of heat conduction calculations within pebbles
and TRISO particles is to acquire moderator and fuel temperatures, which are then used for
cross section interpolation. Additionally, this modeling effort facilitates the determination of
temperatures in reactor hotspots where elevated temperatures could lead to substantial particle
failure, potentially rendering certain design configurations unviable. However, performing
calculations for every single pebble in the core and every particle within each pebble would be
impractical. To address this, we employ a representative pebble model for every element within
the core region and each burnup group. This separation by burnup group is essential, as pebbles
at differing burnups exhibit distinct power densities; pebbles with lower burnup exhibit larger

power densities, leading to higher temperatures.
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Each representative pebble encompasses two one-dimensional spherically symmetric models:
one for the pebble’s graphite matrix and another for a TRISO particle. The heat source within the
pebble stems from the partial power density obtained from the neutronics calculation, while the
outer boundary temperature is obtained from the TH calculation. The particle model employs
the same power density for both the fuel kernel and outer boundary temperature, which is set to
the average temperature within the pebble matrix. The thermal properties of the graphite assume
an A3-3 grade from Reference [18], and the fueled region is homogenized using the differential
effective medium theory [31]; for more details, refer to Reference [60]. The thermal properties of
all TRISO components are drawn from PARFUME [32]. It’s important to note that all properties
assume zero burnup and no neutron fluence. This dependency is anticipated to be integrated in
future model iterations.

Figure 9 shows the resulting maximum power density and temperatures of the pebbles

through the core.
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Figure 9: Max power density, fuel, and moderator temperature of representative pebbles for the
nominal equilibrium-core model.
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2.5 Depressurized Loss-of-Forced-Cooling Model

As part of the safety analysis of this model, the GPBR200 includes a protected DLOFC
transient. A DLOFC represents one of the most critical design-basis accident scenarios, involving
the complete loss of coolant pressure within the core. Although the core is shielded through
control rod insertion, residual decay heat persists, gradually elevating the core temperature
over approximately a week. During this period, heat dissipation is solely reliant on the reactor
cavity-cooling system (RCCS), which can result in exceedingly high core temperatures.

This model assumes instantaneous control rod insertion, leading to the absorption of
all available neutrons and obviating the need for neutronics evaluation. Similarly, the
depressurization event transpires instantaneously, with the coolant at atmospheric pressure
having no impact on core heat transfer. Consequently, no fluid flow assessment is conducted,
and the TH model exclusively considers solid heat conduction. Decay heat computation
involves explicit depletion calculations employing nuclide concentrations extracted from the

equilibrium-core calculation. The transient is simulated over 150 hours, as illustrated in Figure 10.

3. SENSITIVITY ANALYSIS

This section is devoted to assessing the performance of the GPBR200 by systematically
investigating a selected design space and evaluating it using a collection of Qols. Four main

objectives underscore the aims of this section:

1. Identify design parameters and Qols: This involves establishing the pertinent design
parameters and choosing the significant Qols that capture essential aspects of the reactor’s

behavior.

2. Perform qualitative sensitivity analysis: A qualitative sensitivity assessment is conducted
by visually representing the local effects that variations in design parameters exert on the
outcomes of interest. This helps to gain insights into which parameters have the most

substantial influence on the system’s behavior.

3. Produce a training dataset: The construction of a comprehensive training dataset is

undertaken by evaluating the model across the entire designated design space. This dataset
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Figure 10: Decay power and maximum temperature in various regions during the nominal
DLOFC model. Note that moderator temperature is visually identical to fuel temperature.
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serves as the foundation for subsequent analyses and computations.

4. Compute global sensitivities: For every parameter-Qol pairing, global sensitivities are
computed. This calculation provides an understanding of the parameter’s overall impact

on the Qols and contributes to comprehending the behavior of the system as a whole.

By addressing these objectives, this section endeavors to comprehensively assess and characterize

the behavior and performance of the GPBR200 model.

3.1 Design Space and Quantities of Interest

Before performing any type of sensitivity study or ROM generation, the design, uncertainty,
and output space must be defined. The design and uncertainty space involves model parameters
that are either part of a design decision or parameters that are not known exactly. These
parameters are defined with a probability distribution describing the likelihood of a certain
value occurring. Design parameters are typically defined as a uniform distribution, where the
likelihood of a value is equal between two bounds. There are many different types of distributions
for uncertain parameters; a common choice is a normal distribution specified by a mean value
with a standard deviation. This work focuses solely on design parameters. Table 3 lists the
parameters studied in this work with their specified bounds. The following describes each of

these parameters:

Kernel radius is the radius of the fuel kernel within all TRISO particles. This quantity affects

the mass of fuel within the pebble and effective heat removal in the particle.

e Filling factor is the volumetric fraction of TRISO particles within the fueled region of the
pebble (excluding graphite shell). This directly affects the mass of fuel and effective thermal

conductivity in the pebble.

* Enrichment is the weight fraction of fissile uranium in the fresh pebbles: 2.

* Feed rate is the rate at which pebbles are inserted into the top of core and removed from the
bottom, including both fresh pebbles and recirculated ones. Since Griffin uses burnup-based

discharge, the quantity directly affects the number of times a pebble passes through the core.
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¢ Burnup limit determines when pebbles are discharged from the bottom of the core and not
recirculated. When the limit lies within the range of a burnup group, a fraction of the pebbles

in that group are discharged based on where in that range that lime lies.

¢ Total power is the integrated thermal power of the reactor. This affects the scaling of the

neutron flux after the criticality calculation.

¢ Core radius is the radius of the cylindrical pebble-bed vessel. The outer radius of the reactor

is fixed, so increasing the core radius decreases the thickness of the radial reflector.

* Core height is the height of the active core region, excluding the lower conus and upper

cavity. Increasing the core height increases the total reactor height by the same amount.

Table 3: Design space for the GPBR200 model.

Nominal | Lower Upper
Parameter Value | Bound Bound | Unit
Kernel radius 0.2125 0.15 0.3 | mm
Filling factor 9.34 5 15 | %
Enrichment 15.5 5 20 | wt%
Feed rate 1.5 1 3 | pebbles/min
Burnup limit 147.6 131.2 164.0 | MWd/kgnm
Total power 200 180 220 | MWth
Core radius 1.2 1.1 1.3 | m
Core height 8.83 8 10 | m

The output space involves specifying Qols, which are typically global outputs from the
simulations. In the context of optimization, these quantities are used as part of the function
defining the design performance. Table 4 lists the Qols studied in this work. The following

describes each of these Qols:

* ket is the effective multiplication factor of the reactor, computed from the neutronics model.
This value is a measure of the neutron economy and determines the ability of the reactor to

reach full power.

* Max pebble power is the integrated power within a pebble. This quantity is a safety metric

of the system since pebbles have a design limit for how much power they can experience.
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¢ Peaking factor is computed by taking the ratio of the maximum and average power density
in the core. A value of 1 means that the power profile in the core is completely flat and larger
values indicate hot spots in the core where pebbles may exceed designed temperature and

power limits.

¢ Fissile Pu fraction is an averaged weight fraction of fissile isotopes of Pu from pebbles exiting
the core, including those being recirculated and discharged. This quantity is computed

using:
N239gM>p39 + Npg1 Mogq

, 1
NazgMo3g + NozgMozg + NosgMosg + Nog1 Moar + Nogo Moy @)

where Nj is the averaged nuclide number density for isotope g at the bottom of the core and
M, is the mass per nuclide for isotope q. This quantity is used as a metric for the proliferation
resistance of the reactor. Determining the quality of plutonium generated in pebbles exiting

the core is indicative of the attractiveness and usefulness of the plutonium.

* 23U utilization is computed based on the rate of fresh fresh fuel entering the core and the

power using the expression:

Total Power
0235 X Mdischarge X Feed Rate’

(2)

where 0235 is the mass of 2°U per fresh pebble and Ndischarge 18 the fraction of pebbles being
discharged from reaching the burnup limit at the bottom of the core. This quantity is a
measure of economy, as it is directly related to the amount of natural uranium needed to

operate the reactor.

* Maximum operating fuel temperature is computed from the TRISO model during the
equilibrium-core calculation. This quantity is a measure of how accident tolerant the reactor

is, as higher temperatures leave less of a margin of failure during accident scenarios.

¢ Maximum DLOFC fuel temperature is computed from the TRISO model during the DLOFC
transient calculation. This is also a metric for accident tolerance since high temperatures can

cause significant fuel failure.

* Maximum reactor pressure vessel (RPV) temperature is computed from the TH model
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during the DLOFC transient calculation. The RPV is a vital component of reactor
containment and high temperatures could degrade the material and lower the margin of

vessel failure.

Table 4: Quantities of interest for the GPBR200 model.

Qol Nominal Value | Unit

kegt 0.99961 | —

Max pebble power 2.67 | KW
Peaking factor 201 | —

Fissile plutonium fraction 63.2 | wt%

2357 utilization 984.1 | MWd/kgo3s
Max operating fuel temperature 1006 | °C

Max DLOEFC fuel temperature 1438 | °C

Max RPV temperature 322 | °C

3.2 One-Dimensional Grid Study

The goal of this study is to gain qualitative insight into how each design parameter affects
each Qol. To achieve this, a systematic sampling of the design space is conducted, whereby each
parameter is individually perturbed while keeping all other parameters fixed at their nominal
values. For example, enrichment was changed uniformly between 5 and 20 wt%, while all other
parameters were fixed. With 12 points for each parameter, the sampling resulting in 96 total
simulations. With this data, the dependency of each parameter on each Qol can be plotted, which
is shown in Figure 11.

Several significant insights can be drawn from the data exhibited in Figure 11. First,
enrichment, kernel radius, and filling factor appear to be the most influential parameters for
many of the Qols. Since these parameters are the main drivers for the mass of fissile material
in the core, this feature must be heavily related to the performance of the design. Second, some
of the dependencies exhibit nonmonotonic behavior, shown by the plots for k., max pebble
power, and peaking factor. This indicates that there are optimal values for the parameters, thus
hinting at the design space’s potential for optimization. Note that the local optima may change
from what is shown in the plots based on differing values of other parameters. Finally, the plots
show nonlinear behavior for most of the parameter-Qol dependencies, which signifies possible

difficulties in generating ROMs that emulate the behavior, necessitating the investigation of
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complex model formulations.
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Figure 11: Quantities of interest versus design parameters from performing one-dimensional grid
sampling.

This study also served two other purposes. The first is testing the robustness of the solver,
ensuring that data can be produced through the entire s