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A B S T R A C T

This study presents the uncertainty quantification results of steady-state depletion simulations using a multi- 
physics coupling framework based on the nodal diffusion code RAST-K. Developed for the analysis and opti
mization of pressurized water reactors, RAST-K integrates advanced methodologies and diverse engineering 
capabilities, consistently demonstrating strong agreement with measured data and commercial nuclear design 
codes. High-fidelity core simulations are conducted through the multi-physics coupling of RAST-K with the 
subchannel thermal-hydraulic code CTF and the fuel performance code FRAPCON. Notably, the consideration of 
dynamic gap conductance and thermal conductivity degradation in fuel performance calculations highlights 
discrepancies in pin-wise fuel temperature predictions. Uncertainty quantification is performed using stochastic 
sampling methods by perturbing both input parameters and nuclear data. The results indicate that uncertainties 
in global reactor design parameters, such as critical boron concentration, axial shape index, and peaking factor, 
are primarily driven by nuclear data perturbations, while thermal-hydraulic uncertainties are influenced by both 
input and nuclear data variations.

1. Introduction

Worldwide, reactor core analysis technology has been extensively 
developed, and each physics code in the nuclear research field is used 
independently. For example, power or heat flux data pre-generated from 
a neutronics code is used as input to simulate thermal-hydraulic (TH) or 
fuel performance calculations. This means that each physics code 
operates separately without complementary linkage. The one-way 
feedback coupling algorithm has the advantage of allowing easy use of 
each code system and obtaining conservative results. However, the de
mand for high-fidelity solutions that minimize conservatism has risen 
recently due to strengthened safety regulations. As a result, the devel
opment of multi-physics code systems has become a significant area of 
interest in nuclear research. In a one-way coupling system, conservatism 
accumulates because the conservative results from each standalone code 
are not reflected in subsequent calculations. In contrast, the two-way 
coupling method provides more accurate solutions by incorporating 
feedback between the results from each physics code.

A nodal diffusion code, RAST-K v2 [1], has been newly developed at 
the COmputational Reactor physics and Experiment (CORE) laboratory 

of the Ulsan National Institute of Science and Technology (UNIST) since 
2014. RAST-K v2 is designed to achieve high accuracy and computa
tional performance for pressurized water reactor (PWR) core analysis 
and design. It enables convenient core design, analysis, and coupling 
with other physics codes and platforms. RAST-K v2 has been validated 
using operational history data from functioning PWRs in South Korea 
[2]. Additionally, it is being used as a core simulator in machine learning 
applications with diverse objectives [3,4]. For convenience, RAST-K v2 
is referred to simply as RAST-K throughout this paper.

Traditionally, pessimistic hypotheses are used in reactor safety 
analysis to ensure required safety margins. However, this approach 
often results in excessive conservatism. If safety regulations have been 
more enforced, the traditional approach may fail to satisfy safety mar
gins. Therefore, reactor design and safety analysis typically include 
uncertainty quantification (UQ) and sensitivity analysis (SA) procedures 
to achieve accurate results along with confidence levels for best-estimate 
modeling and codes. In reactor analysis, various sources of uncertainty 
arise during computer code simulations. The most common sources are 
uncertainties from nuclear data (e.g., cross-sections) and input param
eters (e.g., geometry and material properties for modeling). Two 
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primary methods are generally used for UQ. The deterministic method 
calculates system sensitivity to uncertain input parameters using 
perturbation theory (PT) and subsequently derives the covariance ma
trix. The second method, known as the stochastic sampling method, 
involves sampling uncertain input parameters provided in the Variance 
and Covariance Matrix (VCM) and performing statistical analysis on the 
resulting output responses. If nuclear data and input parameters are pre- 
generated according to their VCM, the stochastic sampling method can 
be easily employed for uncertainty quantification.

First, the multi-physics coupling scheme based on RAST-K is 
explained in Section 2. Second, Section 3 presents multi-cycle depletion 
calculation results obtained using the multi-physics code. Section 4
demonstrates the method for processing uncertainty sources from nu
clear data and input parameters for stochastic sampling calculations. 
Finally, Section 5 provides a summary of the results.

2. Multi-physics couping method based on RAST-K

2.1. Summary of coupled codes

The simplified TH module is implemented in RAST-K [1] to update 
fuel and coolant temperatures by solving one-dimensional heat con
vection and transfer equations for a closed channel. The standalone TH 
module produces reliable results for steady-state conditions, such as 
reactor core design. For high-fidelity simulations, sub-channel TH codes 
and fuel performance codes are required for multi-physics coupling 
calculations. By coupling the sub-channel TH code, the two-fluid model 
is employed, which includes an expanded range of steam table proper
ties and detailed heat transfer regimes at the cladding wall. Additionally, 
coupling with the fuel performance code allows for consideration of 
pellet-to-cladding interactions and detailed thermal conductivity infor
mation. The results from the coupled calculations, such as coolant and 
fuel temperatures, are directly used as feedback during neutronics 
calculations.

CTF (COBRA-TF) [5] is a TH simulation code designed for light water 
reactor (LWR) vessel analysis. For LWR modeling, CTF can solve 
sub-channel and 3D Cartesian forms of nine conservation equations. It 
uses a two-fluid modeling approach that accounts for three separate and 
independent flow fields (e.g., fluid film, vapor, and liquid droplets). 
Because CTF employs fine calculation units with detailed conservation 
equations for the flow field, it can perform multi-channel modeling with 
crossflow and obtain detailed coolant information. However, CTF uti
lizes a simplified heat structure model for fuel temperature calculations. 
Therefore, other physics codes, such as fuel performance codes, should 
be used for high-fidelity core analysis. CTF also supports parallel 
calculation capabilities through an assembly-wise domain decomposi
tion technique.

FRAPCON [6] is a computer code that calculates the steady-state 
response of LWR fuel rods during long-term burnup. It evaluates fuel 

rod performance parameters such as temperature, pressure, and defor
mation based on the fuel rod power history and coolant boundary 
conditions. FRAPCON models various phenomena, including 
pellet-to-cladding heat transfer, mechanical deformation, 
pellet-to-cladding mechanical interaction, fission gas release, cladding 
oxidation, hydrogen pickup, pellet burnup, and power radial 
distribution.

The Fuel Rod Analysis Program Interface (FRAPI) [7,8] has been 
developed to effectively couple FRAPCON and FRAPTRAN with external 
codes. Both FRAPCON and FRAPTRAN are designed for single-pin fuel 
performance analysis. FRAPI provides features such as code initializa
tion, time-step advancement, data exchange, saving and loading fuel rod 
data into computer memory or binary files, and writing restart files for 
FRAPTRAN. By independently allocating information for each fuel pin, 
FRAPI enables multi-rod simulations through iterative coupling 
schemes. Because each pin is modeled independently, FRAPCON and 
FRAPTRAN simulations can be easily parallelized.

2.2. Coupling parameters

The multi-physics code system based on RAST-K is established by 
coupling it with CTF and FRAPCON. Fig. 1 presents the data exchange 
diagram for multi-physics coupling during steady-state simulation. 
RAST-K handles neutronics simulations, calculating pin-wise power 
distribution based on given fuel and coolant conditions. As the main 
driver of the coupling system, RAST-K transfers core information, such 
as geometry and fuel rod composition, to CTF and FRAPI.

Using the core information from RAST-K, CTF initializes its 

Fig. 1. Data exchange between the coupled codes.

Table 1 
Summary of coupling parameters.

Variables From To Unit

Fuel pin geometry RAST- 
K

CTF/FRAPI Pin to pin

Spacer grid information RAST- 
K

CTF –

Fuel composition (U-235 enrichment and 
gadolinia contents)

RAST- 
K

FRAPI Pin to pin

Pin burnup RAST- 
K

FRAPI Pin to pin

Pin power RAST- 
K

CTF/FRAPI Pin to pin

Moderator direct heating fraction RAST- 
K

CTF/FRAPI –

Fuel radial temperature distribution FRAPI RAST-K Pin to node
Cladding outer temperature FRAPI CTF Pin to pin
Coolant temperature CTF RAST-K/ 

FRAPI
Pin to 
node/pin

Coolant density CTF RAST-K Pin to node
Coolant pressure CTF FRAPI Pin to pin
Coolant-to-cladding wall HTC CTF FRAPI Pin to pin
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simulation. Pin-wise power and moderator direct heating fractions serve 
as heat flux sources for TH calculations. Since cladding outer surface 
temperatures are provided externally, CTF bypasses heat structure cal
culations. The pin-centered power distribution from RAST-K is directly 
transferred to CTF. Each pin, with four adjacent subchannels, receives an 
identical heat flux value for all four subchannels. CTF computes 
subchannel-level coolant temperatures, which are volume-averaged into 
pin-wise values.

Similarly, FRAPI initializes FRAPCON with fuel rod specifications 
from RAST-K, including geometry and fuel composition (e.g., U-235 
enrichment and gadolinia content). To account for burnup and compo
sition changes during sequential cycle depletion, FRAPI manages 
FRAPCON restart files. FRAPCON skips coolant heat convection calcu
lations, using bulk coolant temperature and coolant-to-cladding heat 
transfer coefficients (HTC) as boundary conditions. It then calculates 
cladding outer surface temperatures, transferring them to CTF. Table 1
summarizes coupling parameters and their transfer directions.

2.3. Coupling algorithm

The RAST-K code serves as the central component of the coupling 
system, using the dynamic linked library (DLL) of CTF and the FRAPI 
source code to link with FRAPCON. CTF provides a coupling interface 
module containing essential subroutines. Fig. 2 illustrates the coupling 
algorithm for steady-state simulations in the multi-physics code system. 
At the start of each outer iteration step, it is important to provide 
physically reasonable TH conditions for accurate neutronics calcula
tions. If spatially uniform temperatures (e.g., constant fuel and coolant 
temperature across the core) are used as initial guesses, the greater 
number of TH feedback is required for convergence of outer iteration. To 

address this, RAST-K employs an internal thermal feedback module that 
quickly provides node-wise and axially dependent temperature profiles. 
This approach stabilizes the neutronics solution from the beginning of 
outer iteration and reduces computational cost of subsequent CTF and 
FRAPCON calculations. Both codes are initialized during initialization 
phase of RAST-K. CTF initialization involves two steps: first, RAST-K 
generates four basic input files, which CTF preprocessing module con
verts into inputs based on the MPI calculation option. CTF is then 
initialized, establishing independent communication with RAST-K. 
Since CTF uses assembly-wise domain decomposition for MPI calcula
tions, the number of processors must exceed the number of fuel as
semblies. For FRAPCON, pin specifications are transferred via FRAPI, 
and restart files are loaded for cycle depletion calculations.

During outer iteration of RAST-K, TH information updates via calls to 
CTF and FRAPCON. If FRAPCON has not yet provided cladding tem
peratures in the first iteration, CTF uses its intrinsic heat structure 
model. CTF iteratively solves with its convergence criteria (e.g., mass 
and energy balance) and collects results from all MPI processes into the 
master process. RAST-K then saves pin-wise coolant information and 
converts it to node-wise values for cross-section feedback through vol
ume weighting. Unlike CTF, FRAPCON includes fuel depletion 
modeling. Thus, RAST-K aligns its predictor-corrector steps with 
FRAPCON. During the corrector step, average pin power from both 
steps, along with coolant information and wall HTC, is used for fuel 
performance calculations. After gap pressure convergence, pin-wise fuel 
and cladding temperatures are stored in RAST-K and merged into node- 
wise distributions for cross-section feedback. Once the outer iteration 
converges, results are saved. CTF outputs are written via its intrinsic 
editing subroutine, and FRAPCON restart files are generated for subse
quent cycle calculations.

Fig. 2. Coupling algorithm for steady state calculation.
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3. Depletion calculation using multi-physics code

3.1. Multi-cycle depletion of APR1400 reactor core

RAST-K has been verified and validated using the operational history 
of Korean PWRs. A total of 114 cycles from 13 reactor cores, including 
OPR1000, APR1400, and Westinghouse type reactors were employed for 
core follow calculations [1,2]. The results were compared with com
mercial nuclear design code outputs and measurement data. To verify 
the multi-physics code system based on RAST-K, three depletion cycles 
(initial to third cycle) of the APR1400 [9] core were simulated. The 
RAST-K standalone simulation employed its internal TH solver without 
burnup-dependent thermal conductivity models, while the RAST-K MP 
simulation included CTF and FRAPCON for multi-physics coupling. The 
node-wise equivalent pin model is used for TH simulation. To see the 
effects of burnup dependent characteristics and subchannel-wise TH 
modeling, the multi-physics simulation with the CTF and FRAPCON is 
performed for the cycle depletion, and it is called by RAST-K MP in this 
paper.

3.2. Results from steady state depletion calculation

Fig. 3 shows the critical boron concentration (CBC) curve and core- 
average fuel temperature (Doppler temperature) for three APR1400 
cycles. Fuel temperature increases due to thermal conductivity degra
dation (TCD) and ZrO2 deposition, reducing reactivity with burnup. 
Despite TCD effects modeled in RAST-K MP, average fuel temperature is 
biggest at the beginning of each cycle and decreases with burnup due to 
dynamic gap conductance modeling. Although the fuel and cladding 
thermal conductivity decreases, the gap conductance gradually in
creases due to the decrement of size of gap between fuel and cladding by 
fuel swelling. The gap conductance is fixed as 10,000 W/m-K in the 
internal TH solver and the gap conductance of the fresh fuel is known as 
several thousand W/m-K. Therefore, the average fuel temperature of 
RAST-K MP is larger than that of RAST-K with internal TH solver at the 
beginning of each cycle. Therefore, the CBC of RAST-K MP is smaller 
than that of RAST-K standalone at initial cycle burnup of each cycle and 
the CBC of RAST-K MP increases after the middle of cycle.

Fig. 4 show the fuel thermal conductivity along burnup at BOC, 
MOC, and EOC of initial cycle using RAST-K standalone and RAST-K MP 

Fig. 3. CBC curve and core average fuel temperature behavior during three cycles of APR1400.

Fig. 4. Pin-wise fuel thermal conductivity along pin burnup.
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simulations. Because the RAST-K standalone calculation is performed 
with the node specification of the four-node per assembly, the thermal 
conductivity distribution is also expressed with four-node per assembly. 
As expected in forementioned section, the thermal conductivity degra
dation effect can be modeled in RAST-K MP. Because the smaller heat 
generated in the bigger burnup fuel, the thermal conductivity can be 
smaller by increasing fuel burnup in RAST-K standalone simulation. The 
thermal conductivity defects by considering fuel burnup in FRAPCON- 
4.0 NFI model can be captured in RAST-K MP simulation.

The gap conductance is fixed as 10 kW/m-C for internal TH solver of 
RAST-K standalone. However, the gap conductance is dynamically 
calculated based on fuel burnup and thermal-mechanical behavior in the 
RAST-K MP. Fig. 5 shows the variation of gap conductance versus fuel 
burnup at BOC, MOC, and EOC of initial cycle of APR1400. The gap 
conductance at BOC (corresponding to fresh fuel) is around 4–6 kW/m- 
C. At EOC, the gap conductance increases up to 80 kW/m-C due to the 
reduction of the fuel-cladding gap caused by fuel swelling and fuel- 
cladding mechanical interaction.

Fig. 6 shows pin-wise average fuel temperature versus fuel burnup. 
The RAST-K standalone simulation, using a fixed gap conductance, 

yields lower temperatures at BOC and higher at EOC. RAST-K MP, with 
dynamic gap conductance and TCD modeling, produces the opposite 
trend, indicating that gap conductance has a greater impact on fuel 
temperature than thermal conductivity.

The CBC discrepancy with NDR results ranges from − 70 to 10 ppm 
for both simulations. Table 2 summarizes depletion calculation results, 
including CBC, axial shape index (ASI), and normalized fuel assembly 
(FA) power. Both RAST-K standalone and MP results show reasonable 
agreement with the NDR data, with deviations generally within ±50 
ppm in CBC, which is considered acceptable for code verification. 
Although the specific code used in the NDR is confidential and cannot be 

Fig. 5. Pin-wise gap conductance along pin burnup.

Fig. 6. Pin-wise average fuel temperature along pin burnup.

Table 2 
Summary of discrepancies of reactor design parameters from depletion 
calculation.

Parameter RAST-K standalone RAST-K MP

Critical boron concentration (ppm) − 29.47 ± 16.51 − 30.38 ± 18.60
Axial shape index (− ) 0.0081 ± 0.0103 0.0078 ± 0.0098
Normalized FA power (− ) 0.001 ± 0.013 0.001 ± 0.015
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disclosed, previous studies [1] confirms that both NDR and RAST-K 
simulation results align with measured CBC value within ±50 ppm.

4. Uncertainty quantification using multi-physics code

4.1. Stochastic sampling method

Several studies have addressed uncertainty propagation in reactor 
core modeling and simulation using various UQ methodologies. Com
mon approaches include deterministic and stochastic sampling methods 
to propagate input uncertainty to output responses. In deterministic 
methods, sensitivity coefficients and input parameter covariance 
matrices are calculated based on first-order perturbation theory (PT). 
Output uncertainties are then derived using the Sandwich rule from 
sensitivities and the variance-covariance matrix (VCM). Conversely, 
stochastic methods employ random sampling of input parameters, 
enabling statistical analysis of perturbed output responses. Variance is 
computed using Eq. (1). 

Var[R] =
∑Ns

i=1(Ri − R)2

Ns − 1
, (1) 

where Ns is the number of samples and R is the mean of the response. 
From the repeated Ns calculations, the resulting output responses can be 
analyzed with standard statistical analysis by assuming that the proba
bility density function (PDF) of the responses is a normal distribution. 
The uncertainty of σp in an individual output response can be calculated 
by taking the square root of the variance in Eq. (1).

For the various output responses including reactor design parameters 
from multi-cycle depletion simulations, the normality test should be 
performed to verify this normality assumption. In this research, the 
Shapiro-Wilk test is employed for the normality test [10]. The 
Shapiro-Wilk test tests the null hypothesis that a sample came from a 
normally distributed population. If the p-value falls below a significant 
level of 5 %, the null hypothesis is rejected, and the sample distribution 
is not following the normal distribution. If the normality assumption is 

accepted, the confidence bounds of uncertainties of output responses 
can be computed. For the true mean μ and true standard deviation σtrue, 
the constructed parameter χ2 can be computed as Eq. (2). 

χ2 =
(Ns − 1)σ2

p

σ2
true

, (2) 

The σ2
p is the sample variance and the parameter χ2 follows the chi- 

distribution with Ns − 1 degree of freedom. For a one-sided and two- 
sided uncertainty parameter, the criteria of 95 % confidence level in
dicates that 95 % of the χ2 value is bounded inside the interval of 
[
χ2

1− α,∞
]

and 
[
χ2

1− α/2, χ2
α/2

]
each. Then, the confidence interval of the 

standard deviation is derived as Eq. (3) and Eq. (4) for one-sided upper 
and two-sided bounds. 

(Ns − 1)σ2
p

χ2
α/2

< σ2
true <

(Ns − 1)σ2
p

χ2
1− α/2

, (3) 

σ2
true <

(Ns − 1)σ2
p

χ2
1− α

, (4) 

Stochastic sampling typically requires numerous simulations, which 
is computationally expensive. To mitigate this, Latin hypercube sam
pling (LHS) is employed to generate controlled random samples by 
partitioning the cumulative density function into even regions and 
selecting one random point per region.

4.1.1. Nuclear data perturbation
For uncertainty propagation from nuclear data, the stochastic sam

pling method is applied to transport lattice calculations. Fig. 7 shows the 
flowchart of uncertainty propagation from nuclear data to uncertainty of 
core output response. The nuclear data uncertainty is propagated 
through the lattice calculation to the two-group nodal cross section used 
in RAST-K. Since the group constant is generated by the lattice code 
STREAM [11,12], the perturbed cross section files should be 
pre-generated before nodal calculation. In this research, covariance for 

Fig. 7. Flowchart of uncertainty propagation for nuclear data.
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scattering, fission, capture, fission spectrum, and number of neutrons 
per fission are considered by following the method invented by A. 
Yamamoto [13]. The 72-group covariance matrix for 144 nuclides is 
generated by using the NJOY-99 [14] based on ENDF/B-VII.1 library. 
Based on this procedure, total 500 sets of perturbed nodal cross section 
are pre-generated. To simulate the three cycles of APR1400, total 37 
nodal cross section sets are generated including 32 fuel assembly models 
and 5 reflector assembly models.

4.1.2. Input parameter perturbation
Since the multi-physics code is used to simulate a high-fidelity model 

rather simplified (lumped) model, the detailed technological and oper
ational data are required as an input data. By considering the uncer
tainty from input data such as manufacturing, geometry, boundary 
conditions, and core conditions, the impact of input parameter 

uncertainty propagation on output response can be quantified. In pre
vious work about uncertainty propagation from input data, the uncer
tainty propagation of the Doppler temperature is utilized instead of 
uncertainty from the material property such as thermal conductivity of 
fuel and cladding [15]. However, the uncertainties from fuel 
manufacturing and modeling are directly considered in this research.

Table 3 represents the information of input parameters to be used for 
uncertainty quantification using multi-physics code. Each parameter is 
used as an input of each physics code. In Table 3, “N”, “T”, and “F” 
represent each physics code (N: Neutronics code; T: Thermal-hydraulic 
code, F: Fuel performance code). For example, the core power is used 
for every physics part, and the coolant flow rate is used for only thermal- 
hydraulic part. The input parameters of CTF include boundary condi
tions such as inlet temperature and system pressure, geometry to model 
the subchannel and spacer grid, and factor to model physical phenom
enon. The detail information for modeling the geometry and composi
tion of fuel pellet is used in FRAPCON. The uncertainty of each input 
parameter is referred from the previous work done by expert of each 
physics [16,17]. If there is no information of uncertainty, 1.0 % relative 
standard deviation with normal distribution is used for input perturba
tion. The input parameter perturbation is performed on the fly during 
calculation based on Latin hypercube sampling method.

4.2. Uncertainty quantification of reactor design parameters

The uncertainties in reactor design parameters are quantified using 
the stochastic sampling method with RAST-K. More than 124 depletion 
calculations are performed for both RAST-K standalone and RAST-K MP, 
simulating three APR1400 cycles. Key reactor design parameters such as 
CBC, ASI, and maximum fuel centerline temperature, are selected as 
core output responses. In total, 500 simulations are performed for RAST- 
K standalone, while 124 simulations are run for RAST-K MP due to 
higher computational cost.

Fig. 8 presents the evolution and statistical analysis of critical boron 
concentration (CBC) over three cycles for both RAST-K standalone and 
RAST-K MP. The nominal value, median, sample mean, and standard 
deviation are displayed, with 95 % confidence intervals shown in red 
and green. Discrepancies between sample mean and nominal CBC are 
under 10 ppm, indicating no bias from nuclear data and input parameter 
perturbations. The Shapiro-Wilk normality test results (p-values >0.05) 
support the normality assumption. The true standard deviation from 
RAST-K standalone is bounded by [94.2 %σp, 106.6 %σp] at 95 % con
fidence, while for RAST-K MP, it is [88.9 %σp, 114.3 %σp], reflecting the 
smaller sample size. CBC uncertainty decreases with fuel burnup per 

Table 3 
Information of input parameters for uncertainty quantification.

Parameter Code Uncertainty Dist.

N T F Relative Absolute

Core power (MW) O O O 1.0 % ​ Normal
Coolant flow rate (kg/s) ​ O ​ 1.5 % ​ Normal
System pressure (bar) ​ O ​ 1.0 % ​ Normal
Inlet temperature (C) ​ O ​ 1.0 % ​ Normal
Turbulent-mixing coefficient 

(− )
​ O ​ 5.0 % ​ Uniform

Weighting factor for void drift 
model (− )

​ O ​ 5.0 % ​ Uniform

Pellet density (%TD) ​ ​ O ​ 0.3033 Normal
Pellet outer diameter (cm) ​ O O ​ 0.0082 Uniform
Initial gap thickness (cm) ​ O O ​ 0.0004 Uniform
Cladding thickness (cm) ​ O O ​ 0.0005 Uniform
Rod fill gas pressure (MPa) ​ ​ O ​ 0.0233 Normal
Plenum length ​ ​ O ​ 0.3800 Normal
U-235 concentration (w/o) ​ ​ O ​ 0.0007 Normal
Gadolinia enrichment (wt.%) ​ ​ O ​ 0.1086 Normal
Pellet roughness (micron) ​ ​ O ​ 0.1667 Normal
Cladding roughness (micron) ​ ​ O ​ 0.1000 Normal
Space grid width (cm) ​ O ​ 1.0 % ​ Normal
Spacer grid loss coefficient (− ) ​ O ​ 1.0 % ​ Normal
Guide tube inner diameter 

(cm)
​ O ​ 1.0 % ​ Normal

Guide tuber outer diameter 
(cm)

​ O ​ 1.0 % ​ Normal

Dish shoulder width (cm) ​ ​ O 1.0 % ​ Normal
Dish height (cm) ​ ​ O 1.0 % ​ Normal
Gamma fraction (− ) ​ O O 1.0 % ​ Normal

Fig. 8. Evolution of CBC of APR1400 and its statistics using RAST-K standalone and RAST-K MP.
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cycle, though RAST-K MP shows relatively higher uncertainty.
Table 4 details the statistical results for 3D pin power peaking factor 

(Fq) at BOC, MOC, and EOC across three cycles. Minimal discrepancies 
between nominal and mean values confirm unbiased sampling. The true 
standard deviation bounds are [0, 106.6 %σp] for 500 samples and [0, 
111.8 %σp] for 124 samples at 95 % confidence. For burnup steps with 
non-normal Fq distributions, the 95th percentile is used. Slightly larger 
Fq uncertainty is observed at EOC.

Fig. 9 shows assembly power distributions and uncertainties at BOC, 
MOC, and EOC of the third cycle. Nominal, sample mean, and standard 
deviation values are presented. Peripheral assembly power uncertainties 
exceed those of central assemblies, with negligible differences between 
RAST-K standalone and RAST-K MP results.

Fig. 10 illustrates axial power shapes and uncertainties at BOC, MOC, 
and EOC of the third cycle. Discrepancies between RAST-K standalone 

Table 4 
Statistics of pin peaking factor at BOC, MOC, and EOC during multi cycles using 
RAST-K standalone and RAST-K MP.

Cycle State RAST-K Standalone RAST-K MP

Nominal Mean ± STD Nominal Mean ± STD

1st BOC 1.9196 1.9375 ± 0.0191 1.9213 1.9449 ± 0.0210
MOC 1.7079 1.7111 ± 0.0131 1.7172 1.7202 ± 0.0140
EOC 1.6146 1.6164 ± 0.0310 1.6194 1.6234 ± 0.0306

2nd BOC 1.7491 1.7520 ± 0.0167 1.7656 1.7647 ± 0.0158
MOC 1.6877 1.6944 ± 0.0090 1.6988 1.7063 ± 0.0122
EOC 1.6534 1.6670 ± 0.0408 1.6730 1.6863 ± 0.0363

3rd BOC 1.5990 1.6134 ± 0.0201 1.6138 1.6245 ± 0.0206
MOC 1.6629 1.6756 ± 0.0173 1.6833 1.6964 ± 0.0183
EOC 1.5937 1.6041 ± 0.0383 1.6118 1.6220 ± 0.0326

Fig. 9. Assembly power distribution and its uncertainty at BOC, MOC, and EOC for 3rd cycle using RAST-K standalone and RAST-K MP.
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and RAST-K MP results are minor. Average uncertainties in axial power 
shape are 1.10 %, 0.93 %, and 2.08 %, increasing with fuel burnup.

Table 5 summarizes core output responses and uncertainties from the 
third cycle depletion calculation. Input parameter and nuclear data 
perturbations are analyzed separately. For CBC, ASI, and Fq, nuclear 
data perturbation contributes significantly more to uncertainty than 
input parameter perturbation. Input parameters have minimal impact 
on global parameters such as CBC and ASI. The relative standard devi
ation of maximum fuel centerline temperature by perturbing both input 
parameter and nuclear data is around 1.7–2.1 %. The uncertainties of 
maximum fuel centerline temperature coming from each perturbation 
are similar level of 1.1–1.8 % for all core states. The result from TH 
feedback calculation like fuel centerline temperature is directly affected 
by the perturbation of input parameter. Therefore, the perturbations of 
input parameter and nuclear data contribute similar level of uncertainty 
on core response, which directly related with TH feedback calculation.

5. Conclusion

In this paper, the uncertainty quantification results for steady-state 
depletion simulations are presented using a multi-physics coupling 
code based on the RAST-K nodal diffusion code. RAST-K, developed for 
PWR design and analysis, employs advanced methodologies and engi
neering features, demonstrating strong agreement with both measured 
data and commercial nuclear design codes.

High-fidelity core simulations are achieved through multi-physics 
coupling with the CTF subchannel TH code and the FRAPCON fuel 
performance code. Geometry and pin-wise heat generation data from the 

neutronics code are passed to the TH and fuel performance codes, while 
temperature outputs from these codes provide cross-section feedback to 
the neutronics module. Multi-cycle depletion calculations are performed 
using this integrated system.

The current assumptions for TH calculations effectively ensure high 
accuracy under steady-state conditions, resulting in minimal discrep
ancies in reactor design parameters. However, pin-wise fuel tempera
tures differ due to dynamic gap conductance and TCD effects modeled in 
the fuel performance code.

Uncertainty quantification is conducted using stochastic sampling, 
with perturbations applied to both input parameters and nuclear data. 
The UQ results for RAST-K standalone and MP calculations show similar 
reactor design parameters and uncertainty levels. Analysis of uncer
tainty contributions indicates that nuclear data perturbations predomi
nantly affect global design parameters, such as CBC, ASI, and the power 
peaking factor. In contrast, TH related parameters, such as maximum 
fuel centerline temperature, are influenced by perturbations in both 
input parameters and nuclear data.
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Fig. 10. Axial power shape and its uncertainty at BOC, MOC, and EOC for 3rd cycle using RAST-K standalone and RAST-K MP.

Table 5 
Summary of uncertainty quantification on selected core output responses from 3rd cycle depletion calculation.

Parameter State All Input parameter Nuclear Data

Critical boron concentration (ppm) BOC 1231.91 ± 79.77 1232.72 ± 2.47 1232.07 ± 80.00
MOC 743.58 ± 69.46 741.86 ± 4.08 743.64 ± 69.63
EOC − 10.97 ± 54.39 − 6.06 ± 7.79 − 10.60 ± 53.76

Axial shape index (− ) BOC − 0.0071 ± 0.0076 − 0.0083 ± 0.0004 − 0.0073 ± 0.0066
MOC 0.0181 ± 0.0067 0.0181 ± 0.0022 0.0179 ± 0.0046
EOC 0.0166 ± 0.0127 0.0158 ± 0.0048 0.0167 ± 0.0118

Peaking factor (− ) BOC 1.6134 ± 0.0201 1.6011 ± 0.0027 1.6124 ± 0.0212
MOC 1.6756 ± 0.0173 1.6629 ± 0.0055 1.6748 ± 0.0171
EOC 1.6041 ± 0.0383 1.5938 ± 0.0148 1.6021 ± 0.0343

Maximum fuel centerline temperature (C) BOC 1262.01 ± 21.94 1256.64 ± 14.66 1261.97 ± 14.43
MOC 1349.24 ± 23.31 1337.54 ± 16.69 1348.76 ± 16.54
EOC 1399.38 ± 29.25 1388.52 ± 19.94 1395.24 ± 24.28
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