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a b s t r a c t

Performing high-fidelity computational fluid dynamics (HF-CFD) to predict the flow and heat transfer
state of the coolant in the reactor core is expensive, especially in scenarios that require extensive
parameter search, such as uncertainty analysis and design optimization. This work investigated the
performance of utilizing a multi-fidelity reduced-order model (MF-ROM) in PWR rod bundles simulation.
Firstly, basis vectors and basis vector coefficients of high-fidelity and low-fidelity CFD results are
extracted separately by the proper orthogonal decomposition (POD) approach. Secondly, a surrogate
model is trained to map the relationship between the extracted coefficients from different fidelity results.
In the prediction stage, the coefficients of the low-fidelity data under the new operating conditions are
extracted by using the obtained POD basis vectors. Then, the trained surrogate model uses the low-
fidelity coefficients to regress the high-fidelity coefficients. The predicted high-fidelity data is recon-
structed from the product of extracted basis vectors and the regression coefficients. The effectiveness of
the MF-ROM is evaluated on a flow and heat transfer problem in PWR fuel rod bundles. Two data-driven
algorithms, the Kriging and artificial neural network (ANN), are trained as surrogate models for the MF-
ROM to reconstruct the complex flow and heat transfer field downstream of the mixing vanes. The re-
sults show good agreements between the data reconstructed with the trained MF-ROM and the high-
fidelity CFD simulation result, while the former only requires to taken the computational burden of
low-fidelity simulation. The results also show that the performance of the ANN model is slightly better
than the Kriging model when using a high number of POD basis vectors for regression. Moreover, the
result presented in this paper demonstrates the suitability of the proposed MF-ROM for high-fidelity
fixed value initialization to accelerate complex simulation.
© 2021 Korean Nuclear Society, Published by Elsevier Korea LLC. This is an open access article under the

CC BY license (http://creativecommons.org/licenses/by/4.0/).
1. Introduction

The high-fidelity computational fluid dynamics (HF-CFD) model
is conventionally used to describe the core's coolant flow and heat
transfer phenomenon. The millimeter-level grid resolution in CFD
can provide detailed data for design and verification. However,
applying these models to uncertainty quantification, design opti-
mization, and control algorithm testing is computationally expen-
sive. The large number of grid cells required for accurate calculation
considerably increases the burden of high-fidelity CFD. Studies [1,2]
have shown that at least 50 million grids are required for a com-
plete PWR fuel assembly. In addition, the complex three-
dimensional flow state downstream of the spacer grid (three-
and Technology, Harbin Engineeri
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dimensional flow [3], turbulent flow [4], cross-flow [2], swirling
flow [5], etc.) also reduces the initialization effect and makes
simulation convergence difficult.

To address the HF-CFD bottlenecks, many researchers use low-
fidelity models to improve simulation efficiency by simplifying
physical equations, geometric models, and reducing resolution. Such
low-fidelity models include the coarse-grid model [6], porous media
model [7] and sub-channel model [8]. However, the fidelity reduc-
tion results in a model with less accuracy, which cannot be used to
study the required phenomenon properly. Another alternative to the
high-fidelity model is the reduced-order model (ROM), which re-
tains the problem's spatial dimension and physical properties with
reduced computational cost and acceptable loss of accuracy [9].
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In the ROM method, the data from the high-fidelity model is
projected into a set of low-dimensional subspaces, which are
expressed as a linear combination of the basis functions of the
subspaces. This enables the reduction of the solution target from
the original dimension to the low-dimensional basis function co-
efficients. Different techniques can be used to calculate the reduced
basis, including POD method, Krylov subspace method, and other
approaches based on the Jacobian matrix of the linearized system.
An intrusive way to realize ROM is to project the basis functions
into the system's governing equations to reconstruct new low-
dimensional governing equations. Such an approach has been
applied to neutron dynamics problems [10,11], fluid dynamics
problems [12], and thermodynamic problems [13,14]. However, a
non-intrusive approach avoids the explicit projection process and
calculates the basis function coefficients by establishing a surrogate
model. The surrogate model can be linear regression method [15],
Kriging method [16] or machine learning method [17]. Fossati et al.
[18] extract basis functions from high-fidelity CFD data based on a
proper orthogonal decomposition (POD) method, where the solu-
tion of the basis function coefficients is calculated by Bayesian
Kriging interpolation. Alsayyari et al. [19] established the ROM of
the molten salt reactor system based on the POD method and the
adaptive sparse grid method. Compared with the non-intrusive
approach, the intrusive approach requires many modifications to
the original mature solution scheme, and it does not apply to some
methods whose source code is not available or whose control
equations are not precise. Moreover, the intrusive approach re-
quires global convergence at the entire solution domain, which
may be expensive in some solvers. On the other hand, the non-
intrusive method can handle data sources more flexibly, even
frommodels with different fidelity [20]. Based on the non-intrusive
ROM, Mifsud et al. [21] proposed a variable-fidelity database con-
struction scheme that combines low-fidelity and high-fidelity data.

In this study, a non-intrusive multi-fidelity ROM approach is
used to solve the flow and heat transfer problem in PWR rod
bundles. Two different types of regression models, ANN and Krig-
ing, are used to build the surrogate models that create the mapping
relationship between coefficients of different fidelity data. The re-
sults of the MF-ROM are compared with those obtained from HF-
CFD. As a result, the MF-ROM can reconstruct high-fidelity data
using low-fidelity models with low consumption. In addition to the
significant improvement in efficiency, the proposed method uses
the valuable information provided by the low-fidelity model to
ensure accurate estimation and improved generalization. The
novelty in this paper can be summarized as:

1. This paper proposes and evaluates the performance of the
multi-fidelity reduced-order model (MF-ROM) in the prediction
and analysis of coolant flow and heat transfer problems in the
PWR rod bundle.

2. The work extensively discusses the initialization scheme based
on the MF-ROM to reduce iterations during simulation.

3. Moreover, the work compares the regression capability of two
surrogate data-driven models: the Kriging model and the arti-
ficial neural network model.

4. This work also discusses the evaluation result of the proposed
method, used to reconstruct the complex flow and heat transfer
field downstream of mixing vanes. The evaluation results show
the improved computation efficiency of the proposed MF-ROM
approach. The result also shows the suitability of the proposed
scheme towards better uncertainty quantification, design opti-
mization, and control algorithm testing.

The remainder of the paper is organized as follows. Section 2
describes the theory and method used in this study, Section 2.1
1826
describes the POD algorithm, Section 2.2 describes the construc-
tions of surrogate models using Kriging and artificial neural net-
works, Section 2.3 describes the proposed approach of non-
intrusive MF-ROM. The performance of the MF-ROM in test case
and the discussions of some possible applications and improve-
ments of the MF-ROM are discussed in Section 3. Finally, the
conclusion of this work are summarized in Section 4.

2. Multi-fidelity reduced-order model

High and low fidelity CFD models need to be established, and
the data sets of twomodels are obtained by completing calculations
in the sample space under the same boundary conditions. In this
work, both high and low fidelity data sets are reduced to basis
coefficients with smaller degrees of freedom through the POD al-
gorithm, and a non-intrusive surrogate model does the mapping
between the coefficients. The theoretical framework of the method
is described in this section, and a detailed workflow chart is shown
in Fig. 1.

2.1. POD algorithm

Given a L N-dimensional high-fidelity data and LM-dimensional
low-fidelity data, two sets of data snapshots UHðx;QhÞ2RN�L and
UCðx;QcÞ2RM�L can be obtained through projection. Here, x rep-
resents a set of independent variables, Q represents some depen-
dent variables that parameterize the stochastic variable, and
depending on the steady-state or transient problem, it might be a
time variable, velocity or thermal boundary. The process of pro-
jection can be expressed as:

for high fidelity data:
ah;i ¼

�
UH
�
x;Qh;i

�
;Fh

�
; i ¼ 1;…; L

(1)

for low fidelity data:
ac;i ¼

�
UC
�
x;Qc;i

�
;Fc

�
; i ¼ 1;…; L

The orthogonal modes F ¼ ðfð1ÞðxÞ; fð2ÞðxÞ;/; fðrÞðxÞÞ2RN�r ,
also called the basis functions, must satisfy the minimization of the
projection residual [22] defined as follows,

Minimize
1
L

XL
i¼1

������Uðx;QiÞ �
Xr
j¼1

fðjÞðxÞ
D
Uðx;QiÞ;fðjÞðxÞ

E������ 2
2

(2)

here C$; $D and k$k2 are standard Euclidean inner product and L2-
norm r is the number of retained basis functions. By introducing
the standard variational approach, minimizing residuals can be
transformed into an eigenvalue problem.

ð
U

1
L

XL
i¼1

Uðx;QiÞUðx0;QiÞfðx0Þdx0 ¼ lfðx0Þ (3)

Introduce matrix C:

Ci;j ¼ 1
L

ð
U

Uðx0
;QiÞUðx

0
;QiÞdx

0
;

i ¼ 1;…; L; j ¼ 1;…; L
(4)

and bring matrix C into Eq.(3) yields

CaðiÞ ¼ lia
ðiÞ; i ¼ 1;…; L (5)



Fig. 1. The proposed non-intrusive MF-ROM scheme.
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where li and aðiÞ are the i-th eigenvalue and eigenvector of C,
respectively. The POD basis function fðkÞðxÞ can be resolved as
follows as:

for high fidelity data:

f
ðiÞ
h ðxÞ¼ 1

lh;i
UH
�
x;Qh;i

�
aðiÞh ; i¼1;…;L

(6)

for low fidelity data:

f
ðiÞ
c ðxÞ ¼ 1

lc;i
UC
�
x;Qc;i

�
aðiÞc ; i ¼ 1;…; L

The basis matrices Fh ¼ ðfð1Þ
h ðxÞ;fð2Þ

h ðxÞ;/;f
ðrhÞ
h ðxÞÞ2RN�rh

and Fc ¼ ðfð1Þ
c ðxÞ; fð2Þ

c ðxÞ;/; f
ðrlÞ
c ðxÞÞ2RN�rl respectively retain

the first rh andrl basis functions of high-fidelity and low-fidelity
data sets, where the specific values are determined by the
following errors:Pr

i¼1liPL
j¼1lj

> ε (7)

Here, the r stands for rh andrl of different fidelity models.
Coefficients of high-fidelity modes ah ¼ ðah;1;ah;2;…;ah;LÞ 2

RL�rh and low-fidelity modes ac ¼ ðac;1;ac;2;…;ac;LÞ2RL�rl can be

obtained by substituting fðkÞðxÞ back to Eq.(1). Then, the target flow
field can be reconstructed by using the predicted high-fidelity co-
efficients according to the following formula:

Uhðx;QiÞ¼
XL
k¼1

akh;if
ðkÞ
h ðxÞ (8)

The following section discusses how the surrogate models are
used to predict the high-fidelity coefficients of unknown flow so-
lutions non-intrusively.
2.2. Surrogate models

In this section, the mapping relationship between the co-
efficients of high-fidelity modes ah ¼ ðah;1;ah;2;…;ah;LÞ2RL�rh

and the coefficients of low-fidelity modes ac ¼ ðac;1;ac;2;…;ac;LÞ2
RL�rl is established by the surrogate model. In our work, two
different types of regression models, ANN and Kriging, are used to
build the surrogate models, respectively.

A. Artificial Neural Network
1827
Generally, a neural network model is composed of three layers
(input, hidden, and output layer), with the input and hidden layer
containing multiple neurons. These neurons have basic functions
similar to biological neurons so that the ANN model can learn
complex mapping relationships from samples with relevant inputs
and outputs. Recently, multi-layer neural network (deep learning)
are being proposed because of the capability of multi-layer net-
works to extract the inherent features in input datasets. The feature
extraction capability of multi-layer network is also utilized in this
work. Fig. 1 shows a simplified structure of the neural network
proposed in this paper. Including the input and output layers, a
total of five layers of neural networks are used. A total of rh neural
network models are established in this paper to predict each

parameter of a0T
h ¼ ða01h;…; a0sh;…; a0rhh Þ2Rrh�1, and each of them

has rl inputs which are the corresponding low-fidelity coefficients

a0
c ¼ ða01c ;…; a0sc;…; a0rhc Þ2Rrh�1. The numbers of neurons in the

hidden layers are defined as 40, 20, and 10 in this work. The ReLU
activation function is selected for the hidden layers and output
layer, based on its good performance in regression tasks. The net-
works predict the output using the relation:

Fsða0
c; fw; bgÞ¼a0sh; s¼ 1;…; rh

where Fsð $Þ is the feed-forward model of the neural network of the
s th coefficients a0sh among the high-fidelity coefficients to be pre-
dicted, a0

c is the low-fidelity coefficient vector of the unknown flow
field, which is obtained by substituting the low-fidelity simulation
result U0

Cðx;Q0
cÞ back to Eq.(1). w and b are the weight matrix and

bias vector of the neural network, respectively. Weights and bias
are updated through back-propagation to minimize the loss func-
tion of the neural network L ¼ ash � a0sh .

Dwij ¼ � h
vL
vwij

Dbj ¼ � h
vL
vbj

Here, h is the learning rate that control the convergence process, set
to 0.001 in this paper.

B. Kriging

As a deterministic calculation program, CFD has no random er-
rors in its calculation results. The Kriging model is a surrogate



Fig. 2. The geometry of Karoutas experiment and 1�2 sub-channel model with periodic boundary conditions (mm).

Fig. 3. Mesh models of high-fidelity model and low-fidelity model.

Fig. 4. Comparison of lateral and axial velocity profiles downstream of the
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model that uses interpolation to approximate the unknown func-
tions, with more statistical significance. In the Kriging model, the
real unknown function is composed of a linear regression model
FðxÞ and a system statistical deviation εðxÞ, which is defined as
follows:

yðxÞ¼ FðxÞ þ εðxÞ

Here, the x is the input of the model, which is the one of the ac;i in

the ac ¼ ðac;1;ac;2;…;ac;LÞ2RL�rl. yðxÞ is the response output of the
corresponding input, which is one of thearh;i in the ar

h ¼ ðarh;1;…;

arh;LÞ2RL�1; r ¼ 1; …; rh. Therefore, similar to the ANN model

development, a total of rh Kriging models are trained in this work.
spacer grid between experiments and high-fidelity CFD simulations.



Fig. 5. Training and testing data points in the thermal and velocity space (each point
corresponding to a case). The corresponding snapshots of test targets have been
removed from the set used to POD reducing and surrogate models training.

Fig. 6. Comparison of velocity u and temperature T between high-fidelity and low-
fidelity models. (a) and (d) at z ¼ 12.7 mm. (b) and (e) at z ¼ 101.5 mm. (c) and (f)
at z ¼ 190.6 mm. (g) and (h) at z ¼ 50.8 mm.
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The regression model FðxÞ provide a global function in all samples,
and the system deviation εðxÞ reflects the distance from global
function to the ground truth.

The statistical deviation εðxÞ is considered as a random process
with mean zero and variance s2. The covariance of εðxÞ is expressed
as,

Cov
h
ε

�
xðiÞ
�
; ε
�
xðjÞ
�i

¼s2R
�
q; xðiÞ; xðjÞ

�
¼s2

Yrl
k¼1

R
�
qk; x

ðiÞ
k ; xðjÞk

�
Rðq; xðiÞ; xðjÞÞ is the correlation function dependent on the model
1829
hyperparameter q2Rrl, and lay in the i-th row and j-th column of
correlation matrix R2RL�L. In this work, the Gaussian correction
function of the following form is used:

R
�
qk; x

ðiÞ
k ; xðjÞk

�
¼ exp

 
�
Xn
k¼1

qk
��xk � x0k

��2!

The linear regression model FðxÞ can be represented by a set of
linear regression functions:

FðxÞ¼b1f1ðxÞ þ/þ bkfkðxÞ ¼ f T ðxÞb

Here, f T ðxÞ2R1�k is the basis function and b2Rk�1 is the corre-
lation coefficient vector. k is the number of basis functions. Now, we
have three parameters b, s2 and q that need to be determined. The
estimated coefficients b and variance s2 can be obtained by least
square method:

bb¼
�
FT ðRÞ�1F

��1
FT ðRÞ�1Y

s2 ¼1
n
ðY � FbbÞTR�1ðY � FbbÞ

here, F2RL�k is a matrix of f T ðxÞ of L samples. Y2RL�1 is the vector
that contains the output of experimental points in the training data.

The hyperparameter q is calculated by maximum likelihood
functions, that is, the following formula is maximized when q>0:

min : �ðm lnbsþ lnjRjÞ
All unknown parameters have been solved. The prediction y0 of

the Krigingmodels can be calculated at a given input x. In this work,
the x is the low-fidelity coefficients a0

c of unknown flow solution.
And the y0 is the corresponding value of high-fidelity coefficients

a01h;…;a0rhh . Now, the Kriging models build in this work can be ex-
press as:

a0sh ¼ f T ða0
cÞbb þ rT ða0

cÞR�1ðY � FbbÞ;
s ¼ 1;…; rh

Here, rT ðxÞ ¼ ½Rða0
c; xð1ÞÞ;…;Rða0

c; xðLÞÞ�2RL�1 are the distance
between the a0

c of unknown solution and the xðiÞ ¼ ac;i2R1�rl of
training sample.

It is worth noting that bb and q are functions of q, and any q can
generate a Kriging model. In this paper, particle swarm optimiza-
tion (PSO) and leave-one-out cross validation method are used to
determine the optimal q.

Fig. 1 shows the MF-ROM scheme in this work. After completing
the training of surrogate models with the sample data, the low-
fidelity model is used to solve the unknown flow solution. The
low-fidelity POD basis coefficients a0

c is obtained by the POD al-
gorithm and the low-fidelity POD basis Fc. One of the surrogate
models (either ANN or Kriging) can be used to predict the high-

fidelity coefficients a0T
h . Finally, the predicted high-fidelity data of

unknown flow solution is obtained by substituting a0T
h back in

Eq.(8). The purpose of this scheme is tomake full use of the physical
meaning and information of low-fidelity model when recon-
structing the high-fidelity data, and reduce the computational
burden required for high-fidelity calculations.



Fig. 7. The evolution of eigenvalues of (a) velocity u, (b) velocity v, (c) velocity w and (d) temperature.

Fig. 8. POD modes of high-fidelity CFD results. (a) is the 1st POD mode of u. (b) is the 1st POD mode of v. (c) is the 1st POD mode of w. (d) is the 2nd POD mode of u. (e) is the 2nd
POD mode of v. (f) is the 2nd POD mode of w.

H. Kang, Z. Tian, G. Chen et al. Nuclear Engineering and Technology 54 (2022) 1825e1834
3. Test case

3.1. Validation of MF-ROM

The validation of the proposed MF-ROM is carried out based on
a 1�2 sub-channel model which is a part of Karoutas experiment
[23]. A domain-divided technology [13e15] is adopted in the
simulation. Firstly, the whole model is divided into three domains,
namely the entrance domain (Part 1), the spacer grid domain (Part
2) and the test domain (Part 3), as shown in Fig. 2. Secondly,
establish mesh model for each domain and perform simulations in
1830
sequence. During the simulation, the downstream domain takes
the outlet profiles of the upstream domain as the inlet boundary.
Although the simplified model will inevitably introduce some er-
rors [24], the periodic boundary conditions are still applied in
simulation, as shown in Fig. 2. The complete models will be carried
out in the next stage of our work.

In the test domain, two different mesh models are established.
534,566 grids are used for the high-fidelity mesh model and 19500
grids are used for the low-fidelity mesh model. More detailed in-
formation on the two mesh models is shown in Fig. 3. Both mesh
models are constructed by hex mesh and generated in ICEM. The



Fig. 9. The evolution of the RMSE with increasing number of rh, the high-fidelity CFD modes.

Fig. 10. The loss of the ANN during the training.
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SST turbulence model is selected to simulate the turbulent status of
the flow based on the good performance of the previous rod bun-
dles study [25e27]. Uniform inlet velocity boundary is used in our
simulations and is set to 6.79 m/s in the HF-CFD validation. In the
experiment, the inlet temperature and outlet pressure of the model
are set to 26.67 �C and 48.3 kPa, respectively. Fig. 4 shows the re-
sults of the HF-CFD simulation are in good agreement with the
experiment.

Our goal is to apply the MF-ROM method to reconstruct the
complex flow and heat transfer field downstream of the mixing
vanes. To achieve this goal, we use Latin Hypercube Sampling (LHS)
[28] to extract samples in a specific range of heat and flow
parameter space to build snapshots and the database for POD and
surrogate models training. LHS is a Monte Carlo method for strat-
ified random sampling. The simple random sampling strategy can
obtain samples with a higher coverage rate in the input parameter
probability distribution space with a smaller sampling size. The
training and testing samples are taken from a thermal and velocity
parameter space where the power ranges from 0 to 1 MW/m2 and
the velocity ranges from 3 to 5 m/s, as shown in Fig. 5. The constant
properties of water under 48.3 kPa and 26.67 �C were used due to
the relatively small heat flux and temperature changes in the
simulation.

Fig. 6 compares the calculation results of the high-fidelity and
1831
low-fidelity models in test case 4. The contours show that the flow
trends of different fidelity models near the spacer grid are similar,
but the specific values have a relatively large difference, and the
error increases rapidly with the distance from the spacer grid.
However, the low-fidelity model maintains the physical charac-
teristics of the flow field to some extent, provide some basic in-
formation for reconstructing high-fidelity data.

Fig. 7 shows the POD base eigenvalues extracted by different
fidelity models. Although the eigenvalues are different in size, they
have the same evolution trend. Fig. 8 shows the extracted high-
fidelity POD basis, which was used to reconstruct the target flow
fields. Before we build the surrogate models, the number of rh is
needed to be determined. Fig. 9 shows the variation of the RMSE
error with the different rh value, while the rl is set to 7 for both ANN
and Kriging. The results show that both models can correctly map
high-fidelity coefficients through low-fidelity coefficients, while
the ANN performs slightly better at higher rh. It is worth noting that
the prediction results of ANN and Kriging are very close to the
actual value, making their results look very similar. Thus, the dis-
cussion in the rest of this paper is based on the results obtained
with ANN as the surrogate model. In our work, considering the
balance between the accuracy of the prediction results and the cost
of model training, rh is set to 30. Fig. 10 shows the loss evaluation
during the ANN training. The low loss value on the test set indicates
that the ANN model has converged.

Fig. 11 shows that on the four test cases, the reconstructed data
of MF-ROM is in good agreement with the results of HF-CFD, for
both velocities and temperature field. The blue and gray solid lines
in the figure are the reference data and 10% error bars, respectively.
For better display, the temperature data is processed by subtracting
the inlet temperature. A low global error is obtained by averaging
the errors of the entire computational domain. Table 1 shows the
RMSE and MRE of the velocities and temperature of the four test
cases, which is defined as follows:

rmse¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

XN
i¼1

�
ui;MLM � ui;HFM

�2vuut

mre¼ 1
N

XN
i¼1

����ui;MFM � ui;HFM
ui;HFM

����



Fig. 11. Predicted velocity components and temperature of four test cases. Rows I, II, III and Ⅳ represent the 1st, 2nd, 3rd and 4th cases respectively. Columns a, b, c and d represent
velocity u, velocity v, velocity w and temperature, respectively.

Table 1
RMSE and MRE of temperature and velocity components.

Error Type Test case T [K] u [10�4m/s] v [10�4m/s] w [10�4m/s]

RMSE 1 0.009 2.61 4.09 7.72
2 0.004 8.98 7.25 40.2
3 0.007 4.59 3.98 15.6
4 0.009 7.10 6.98 13.7

T [%] u [%] V [%] w [%]

MRE 1 0.51 0.15 0.28 0.017
2 0.72 0.52 0.63 0.083
3 0.59 0.25 0.43 0.023
4 0.65 0.75 0.93 0.025
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Here, the ui;MLM is the variable predicted byMF-ROM and the ui;HFM
is the variable calculated by HF-CFD.

The low RMSE and MRE of four test cases prove that the pro-
posed MF-ROM model correctly reconstructs the high-fidelity flow
field by using the low-fidelity model in the case that did not appear
during training. To better visualize the distances between the ML-
ROM reconstructed data and the HF-CFD result, the error con-
tours of the velocities are shown in Fig. 12. Due to the complicated
flow conditions, the errors in all velocity directions show higher
values at the entrance than other positions. But it should be noted
that even the maximum value of the error at the entrance is very
low compared to the value of velocity at same position.

3.2. Discussion

The experiments above show the effectiveness and suitability of
the MF-ROM method for high-fidelity reconstruction of the flow
field in rod bundles. However, there are a few possible future en-
hancements that also need to be discussed to aid its application.
1832
3.2.1. MF-ROM in CFD initialization
Good initialization can significantly improve the efficiency of

CFD simulation, especially for complex geometry or flow condi-
tions. If the surrogate models are adequately trained with robust
datasets, the MF-ROM can provide good initial values for HF-CFD
simulation under specified conditions. In this work, the MF-ROM-
Initialization scheme is embedded in the FLUENT by using the
UDF as the data transfer interface. All elements of the HF-CFD
model are swept and assigned value via the UDF and MF-ROM,
which serve as a high-fidelity fixed value initialization approach.

Table 2 shows the number of iterations of HF-CFD simulation
with the conventional initialization method and the MF-ROM-
Initialization (MFI) method. The hybrid initialization [29] is used
as the conventional initialization method to determine the velocity
and pressure field, which solves the Laplace equation. The criteria
for residuals convergence are set as 1e-4. Also, all the test cases
have similar system settings, and the experiments are performed
on a PC with Intel(R) Xeon(R) E3-1280 v5 @ 3.70 GHz CPU and 64G
RAMwithout GPU-accelerated. Although the proposedMFI method
shows accelerated computation, it's worth noting that the cost of
the sample simulations is not estimated. However, for problems
that require iterative solutions (such as uncertainty analysis, multi-
physics coupling simulation, etc.) that can provide samples during
the solution process, it is still an effective method to accelerate.
Moreover, for the MFI evaluated in this work, only the velocity field
is initialized. Therefore, faster computation is predictable if the
gradient variables are also initialized.
3.2.2. Application prospects and future improvements for MF-ROM
The POD method used in this study is suitable for a steady-state

problem, and the multi-layer ANN is utilized to give a good predic-
tion. However, a number of innovative neural network architectures



Fig. 12. Error contours of reconstructed fields of MF-ROM and HF-CFD in test case 1. (a), (d), (g) and (j) represent u, v, w and T at z ¼ 12.7 mm, respectively. (b), (e), (h) and (k)
represent u, v, w and T at z ¼ 101.5 mm, respectively. (c), (f), (i) and (l) represent u, v, w and T at z ¼ 190.6 mm, respectively.

Table 2
Comparison of the number of iterations of FLUENT using MF-ROM-Initialization and
hybrid initialization.

Test case Iteration Number (CPU time/s) Speed up

With MF-ROM initialization With hybrid initialization

1 39 (70.1) 436 (783.7) 11.18
2 64 (115.1) 439 (789.1) 6.91
3 53 (95.3) 441 (792.7) 8.38
4 56 (100.7) 437 (785.5) 7.78
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could be used as the surrogate model. For instance, dilated convo-
lution neural networks, auto-encoders, and long-short termmemory
networks (LSTM) have been shown to have a good prediction for
long sequence time series and good feature extraction for transient
physical process [30]. Hence, these networks are potential sub-
stitutes for the ANN used for POD transient problems.

Moreover, it has been shown that flows status has certain sim-
ilarities in those channels that have similar geometry and flow
boundary conditions [1,2]. Therefore, by applying the MF-ROM
method to channels with similar geometry, flow and heat transfer
characteristics, small-scale high-fidelity results can be used as
training samples to reconstruct high fidelity data of large-scale flow
field with the same characteristics. A bolder prediction is that, if
multiple MF-ROM is built for target channels with different char-
acteristics, then high-fidelity flow data for full-core can be recon-
structed based on some distributed calculation principles [31].

4. Conclusion

In this paper, a nonintrusive multi-fidelity reduced-order
modeling scheme for PWR rod bundles is proposed and investi-
gated. This method efficient reconstructing high-fidelity data based
on a low-fidelity model of rod bundles using the POD algorithm and
surrogate models. The PODmethod is used to reduce the degrees of
freedom between the high-fidelity and low-fidelity flow field
models, and the surrogate models are used to construct the map-
ping relationship between the high and low fidelity data in the
reduced dimensional space. The applicability of the MF-ROM
approach in reconstructing the thermal-hydraulics data of PWR
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rod bundles is investigated. The evaluation is carried out on a 1�2
sub-channel model, which is often used for CFD validation. The
results show that both the Kriging model and the ANN model can
be used to accurately reconstruct the high-fidelity data of the flow
field under the thermal-hydraulics boundary conditions. The sur-
rogate modeling capability of both algorithms is also evaluated.
Since the data source required by the trained MF-ROM is low-
fidelity, the computational cost is less. In addition, compared
with the traditional initialization method, the proposed MF-ROM-
based initialization method reduced the number of iterations
significantly. The theoretical framework and the result presented in
this paper show the proposedMF-ROM is important for accelerated
high-fidelity simulation towards a better flow channel analysis in
conventional and innovative rod bundle geometry.
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