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Abstract
Accurate and efficient online parameter identification and state estimation are
crucial for leveraging Digital Twin simulations to optimize the operation of near-
carbon-free nuclear energy systems. In previous studies, we developed a reactor
operation digital twin (RODT). However, non-differentiabilities and disconti-
nuities arise when employing machine-learning-based surrogate forward models,
challenging traditional gradient-based in verse methods and their variants. This
study investigated deterministic and metaheuristic algorithms and developed hy-
brid algorithms to address these issues. An efficient modular RODT software
framework that incorpo rates these methods into its post-evaluation module is
presented for comprehensive comparison. The methods were rigorously assessed
based on convergence profiles, stability with respect to noise, and computational
performance. The numerical results show that the hybrid KNNLHS algorithm
excels in real-time online applications, balancing accuracy and efficiency with a
prediction error rate of only 1% and processing times of less than 0.1 s. Con-
trastingly, algorithms such as FSA, DE, and ADE, although slightly slower (ap-
proximately 1 s), demonstrated higher accuracy with a 0.3% relative L2 error,
which advances RODT methodologies to harness machine learning and system
modeling for improved reactor monitoring, systematic diagnosis of off-normal
events, and lifetime management strategies. The developed modular software
and novel optimization methods presented offer pathways to realize the full
potential of RODT for transforming energy engineering practices.

chinarxiv.org/items/chinaxiv-202405.00058 Machine Translation

https://chinarxiv.org/items/chinaxiv-202405.00058
https://chinarxiv.org/items/chinaxiv-202405.00058


Full Text
Preamble
On the Accuracy and Efficiency of the Reactor Operation Digital Twin for Pa-
rameter Identification and State Estimation

Lizhan Hong1, Helin Gong1,†, Hongjun Ji1, Jialiang Lu1, Han Li1, and Qing
Li2
1Paris Elite Institute of Technology, Shanghai Jiao Tong University, Shanghai
200240, China
2Science and Technology on Reactor System Design Technology Laboratory,
Nuclear Power Institute of China, Chengdu 610041, China

Accurate and efficient online parameter identification and state estimation are
crucial for leveraging Digital Twin simulations to optimize the operation of near-
carbon-free nuclear energy systems. In previous studies, we developed a reactor
operation digital twin (RODT). However, non-differentiabilities and discontinu-
ities arise when employing machine-learning-based surrogate forward models,
challenging traditional gradient-based inverse methods and their variants. This
study investigated deterministic and metaheuristic algorithms and developed
hybrid algorithms to address these issues. An efficient modular RODT software
framework that incorporates these methods into its post-evaluation module is
presented for comprehensive comparison. The methods were rigorously assessed
based on convergence profiles, stability with respect to noise, and computational
performance. The numerical results show that the hybrid KNNLHS algorithm
excels in real-time online applications, balancing accuracy and efficiency with a
prediction error rate of only 1% and processing times of less than 0.1 s. Con-
trastingly, algorithms such as FSA, DE, and ADE, although slightly slower (ap-
proximately 1 s), demonstrated higher accuracy with a 0.3% relative L2 error,
which advances RODT methodologies to harness machine learning and system
modeling for improved reactor monitoring, systematic diagnosis of off-normal
events, and lifetime management strategies. The developed modular software
and novel optimization methods presented offer pathways to realize the full
potential of RODT for transforming energy engineering practices.

Keywords: Parameter Identification; State Estimation; Reactor Operation
Digital Twin; Reduced Order Model; Inverse Problems

Introduction
A. Concept of Digital Twins (DTs)

The concept of digital twins (DTs) has gained significant traction in recent
years, particularly in engineering and industrial disciplines [1]. A DT refers to a
virtual model that closely mirrors a real-world physical product, system, or pro-
cess, serving as an effectively indistinguishable digital counterpart for practical
purposes such as simulation, integration, testing, monitoring, and maintenance.
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DTs have been recognized as the fundamental premise of product lifecycle man-
agement, encompassing the entire lifecycle of the physical entity they represent,
including creation, construction, operation/support, and disposal [2–6].

The value and fidelity of a DT representation depend on the specific use cases,
considering that its granularity and complexity are tailored accordingly. No-
tably, a DT can be conceptualized and utilized even before its physical counter-
part exists, allowing for comprehensive modeling and simulation of the intended
entity’s lifecycle. The origin of the DT concept can be traced back to NASA,
which pioneered its practical definition in 2010 as part of its efforts to enhance
the simulation of spacecraft using physical model representations [2, 6]. Since
then, the development of DTs has progressed in tandem with advances in prod-
uct design and engineering. Traditional manual drafting techniques have given
way to computer-aided drafting and design and model-based system engineering
approaches, which establish a direct link between the DT and signals from its
physical counterparts.

In recent years, DTs have garnered significant attention in various industrial sec-
tors. Notably, their application in the chemical processing industry has demon-
strated versatility [7]. In addition, DTs are increasingly utilized in simulation-
based vehicle certification and fleet management [8], as well as in addressing the
challenges of unpredictable and undesirable behaviors in complex systems [9,
10]. A specific area of growth has been observed in the nuclear plant industry,
where digital twin architectures have been developed for the management and
monitoring of nuclear plants, reflecting the expanding scope and potential of
technology [11, 12].

B. Previous Work on Reactor Operation Digital Twins (RODTs)

A significant amount of research has been conducted to explore the potential
applications of reactor operation digital twins (RODT) in the nuclear energy
domain. RODTs represent a specific instantiation of the DT concept, focusing
on the numerical representation of nuclear reactors for real-time prediction, op-
timization, monitoring, control, and decision-making during their operational
stage [13].

A previous study [13] introduced the first prototype of an RODT specifically tai-
lored for the prediction of neutron flux and power fields in the operational stage
of the HPR1000 reactor core [14]. The prototype demonstrated the feasibility
of using the RODT for online monitoring and prediction of key reactor parame-
ters, thereby enhancing operational understanding and performance assessment.
In [15], the forward model of the RODT was realized through the application
of a nonintrusive reduced-order model constructed using an SVD autoencoder
to learn the nonlinearity of the field distribution. Machine learning techniques,
specifically leveraging k-nearest neighbour (KNN) and decision trees, are em-
ployed to establish forward mapping. Additionally, the inverse model adopts
a generalized latent assimilation method for accurate estimation of the model
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parameters.

While demonstrating promise, opportunities remain for improving the efficacy
of RODT for practical deployment. In particular, the inverse solver relies on
a computationally expensive methodology that limits its potential integration
within an online framework. Therefore, the aim of this work [16] is to enhance
the key capabilities of the RODT. This includes proposing an advanced differen-
tial evolution algorithm to upgrade the inverse solver for improved efficiency and
accuracy of parameter estimation. In addition, uncertainty quantification was
conducted to validate the RODT’s performance considering noisy observational
data. Numerical validation experiments were performed across representative
domains for an HPR1000 pressurized water reactor core to demonstrate its po-
tential for engineering applications.

The key steps for constructing an RODT include: (i) training a reduced-order
model (ROM) using model order reduction (MOR) [17–20] techniques as well
as an efficient forward model and (ii) adaptation and implementation of inverse
models to infer the input parameters and the resulting field distribution.

C. Introduction to Reduced Order Models (ROMs)

Many mathematical models encountered in real-life processes present computa-
tional challenges when employed in numerical simulations because of their in-
herent complexity and large dimensionality. To address these challenges, MOR
techniques have been developed to reduce the computational complexity of these
problems, particularly in the context of simulations involving large-scale dy-
namic and control systems. The ROM was computed as an approximation of
the original model by reducing the dimensionality or degrees of freedom associ-
ated with the model.

The preparation of an ROM model involves two distinct phases, the offline and
online phases, which are integral to the creation of a simplified representation
of a high-fidelity full-order numerical model, enabling efficient real-time sim-
ulations and analysis. The offline phase focuses on determining the inherent
low-dimensional structure of the underlying full-order model and deriving the
reduced basis functions from high-fidelity snapshots of the system. Intrusive
MOR techniques [21] are employed when a comprehensive understanding of the
governing equations and numerical strategies employed in the full-order model
is available. This requires access to the detailed numerical framework of the
full-order model, which may involve proprietary commercial codes. By project-
ing a full-order model onto a reduced space, intrusive ROMs provide a concise
representation with reduced computational complexity.

However, in practical engineering scenarios [22–24], detailed information regard-
ing a full-order model is often unattainable, and the solvers or codes imple-
menting these models are treated as black-box entities. This limitation poses
a challenge to the implementation of traditional intrusive MOR methods. To
address this issue, nonintrusive MOR techniques have been developed. Non-
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intrusive MOR approaches aim to construct ROMs without relying on detailed
knowledge of the numerical framework of a full-order model. Instead, these
methods establish an input-output mapping between the input parameters and
the reduced basis through data-driven techniques such as interpolation, regres-
sion, or machine learning, approximating the behavior of the full-order model
based on a reduced set of parameters and basis functions.

ROMs prepared through the offline and online phases play a critical role in
the development of RODTs. RODTs require the integration of high-fidelity
models and solvers with real-time capabilities, and ROM-based emulators pro-
vide promising solutions [21–23, 25]. Leveraging ROM-based forward solvers,
RODTs can perform both one-to-one forward simulations and one-to-many sim-
ulations for inverse problems, encompassing parameter identification [26–29],
data assimilation [24, 30–35], sensitivity/uncertainty quantification [36–40], and
optimization/control [37, 41–47].

D. Forward Model Construction

In line with the framework RODT, as investigated in a previous study [13, 15],
we selected KNN [48] to construct the forward model. The choice of KNN is
justified by its numerous advantages, which render it a suitable candidate for
the forward model in this context. First, it is a nonparametric algorithm, mean-
ing that it does not assume any specific functional form for the relationship
between the inputs and outputs. Second, KNN is relatively simple to imple-
ment and computes efficiently, particularly for low-dimensional input problems.
The complexity of the algorithm depends primarily on the number of training
samples, making it suitable for problems with moderate dataset sizes [49]. In
a recent study [50], an investigation was conducted to explore the possibility
of utilizing different values of K for each dataset, considering the information
provided by the correlation matrix.

The goal of the forward model is to construct an efficient surrogate mapping
model between the parameter and coefficient, as follows: 𝛼(µ) �= FML(µ), where
FML denotes the surrogate forward mapping constructed by the machine learn-
ing approach, such as model-dependent machine learning methods or model-free
optimization searching methods. The response of the ROM model, denoted as
FML(µ), corresponds to the predicted coefficient data. The difference Yo −
HQFML(µ) is referred to as the observation data misfit or the residuals asso-
ciated with parameter µ. We design the cost function based on the residual
as Equation 2.12. The forward model is used in the search of the optimal ap-
proximation for the operator � in the functional set {QFML, FML � E(D, Rn)},
where E(D, Rn) denotes the set of functions mapping from D to Rn, with n the
reduced dimension in the MOR process.

Previous research [13] evaluated various forward model approaches, among
which the KNN algorithm demonstrated exceptional accuracy and efficiency.
In this study, we specifically selected the KNN algorithm [48] as the forward
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model to exploit its full potential. To enhance the performance of the KNN
algorithm, we focused on two crucial parameters that significantly influence
its efficacy. The first parameter relates to the voting distance in KNN,
wherein we investigate the impact of utilizing either the Euclidean distance
or Manhattan distance as the metric for determining the nearest parameter
choice in the training set. Notably, these two distances can be expressed
as Minkowski norms with an exponent of p = 1, 2, corresponding to the
Euclidean and Manhattan distances, respectively. The Minkowski distance, a
measure of the discrepancy between the testing and training parameters, can
be mathematically represented as follows: �µtest − µtrain�p = (�|µtest_i −
µtrain_i|p)(1/p). We choose the Euclidean metric (p = 2).

Another vital parameter is K, which refers to the number of candidates voted
for. The optimal choice of K can be determined by plotting the relative L2
error of the predicted observation and true vectors. From Figure 2 Figure 2:
see original paper, we can deduce that when K = 5, our forward model using
KNN performs with the best prediction accuracy, and the variation in the error
is relatively smooth, which corresponds to the continuous variation in the value
of the field at the corresponding position of the field manifold snapshot. In
contrast, the stair-shaped observation data predictions in Figure 3 [Figure 3: see
original paper] demonstrate that the KNN forward surrogate model has a step-
like progression as neighbors are adjusted between discrete datasets and thus are
not continuous or differentiable. In this manner, well-developed state-of-the-art
algorithms based on gradient information for solving optimization and inverse
problems did not work well in our case. To meet this demand, we investigated
other novel approaches, which are discussed in detail in the following sections.

E. Inverse Model Construction

Generally, the inverse problem can be divided into two categories: (i) the first
category involves solving the forward system with knowledge of an existing
dataset of input and output; (ii) the second category involves solving the system’
s input with knowledge of the forward system and output [51]. In our case, the
first category corresponds to the construction of the forward model, where we
build a non-intrusive model as a surrogate to the full-order system. In the
second category, we primarily focus on two specific scenarios:

• Parameter Identification: Solving the parameter vector based on the
information from observation vectors. In this scenario, we aim to estimate
the unknown parameters of the system based on the available observation
vectors. The observation vectors contain information about the system’
s behavior or response under conditions that are characterized by the
parameter vector.

• State Estimation: Solving the field distribution based on the informa-
tion from observation vectors. In this scenario, the objective is to deter-
mine the unknown field distribution of the nuclear system based on the
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available observation vectors.

F. Contribution of this Work

A previous work [13, 15, 16] demonstrated the feasibility of employing the RODT
framework in engineering applications. However, a need exists for a systematic
and in-depth investigation of the core components of RODT, namely parameter
identification and state estimation. In addition, the development of mature and
modular software is crucial to facilitating the application of RODT in practical
scenarios. This motivated us to develop an efficient and appropriate surrogate
inverse model to accurately predict the parameters and states. This also moti-
vated our research on hybrid optimization approaches that can effectively bal-
ance coarse- and fine-grid search methods, which are discussed in the following
sections.

The contributions of this research are as follows:

• Investigation and implementation of novel gradient-free optimization algo-
rithms specifically tailored to handle the challenges posed by the discon-
tinuous surrogate forward mapping constructed with the KNN forward
model of our RODT, and comparing the convergence profile, stability,
and accuracy-time performance.

• Exploration and evaluation of the proposed coarse–fine-grid search meth-
ods within various global optimization approaches, aiming to strike a bal-
ance between accuracy and computational efficiency in parameter identi-
fication and state estimation.

• Development and deployment of efficient modular RODT software inte-
grated with the aforementioned algorithms into the inverse problem solver,
which applies to other sustainable energy systems.

These contributions focus on advancing state-of-the-art RODT by addressing
the unique challenges encountered in solving inverse problems in nuclear engi-
neering and proposing novel methodologies for improved parameter identifica-
tion and state estimation. Furthermore, our work addresses the critical chal-
lenge of achieving real-time, high-precision simulations in nuclear energy DT
applications, significantly enhancing the capabilities of DTs in the nuclear en-
ergy sector and facilitating improved monitoring, control, and optimization of
nuclear energy systems.

II. Methodology
The modeling process of an RODT is classified into offline and online stages.
The offline phase involves training a non-intrusive ROM, which includes (i)
preparation of the full-order snapshots; (ii) preparation of the reduced basis;
(iii) preparation of the coefficient; and (iv) preparation of the surrogate forward
model to predict the coefficient with the information of the parameter. The on-
line phase involves parameter identification and state estimation, which includes
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(i) building an inverse model to predict the parameter based on the information
of the observation data (clean or with observation noise) and (ii) building an
inverse model to predict the coefficient based on the information of the observa-
tion data (clean or with observation noise). The methodology is illustrated in
the following flowchart.

Fig. 1 [Figure 1: see original paper]: Working flow of the RODT schema.

A. Offline Phase: Training a Non-Intrusive ROM

The variation in the power field Φ in a nuclear core is characterized by physical
laws that are generally described implicitly by a governing equation [52], such
as the neutron transport or diffusion equations, which is written as Equation
2.1:

F(Φ(r, µ), µ) = 0, r � Ω � �^d, µ � D � �^p

where Ω � �^d represents the spatial domain of dimension d, with d ≥ 1, and �(µ)
= Φ(r, µ) is defined in a Hilbert space that is equipped with an inner product �・
, ・�, and the induced norm �・� = √�・, ・�. D � �^p represents the p-dimensional
feasible parameter domain that covers the operation of the reactor core. In this
study, Eq. 2.1 represents two-group neutron diffusion equations [53].

To construct a non-intrusive ROM, it is necessary to gather a set of full-order
solution snapshots. We sample µ_i in the parameter domain D to obtain the
discrete set D = {µ_i � �^p | µ_i � D, i = 1, ⋯, P}, representing the entire set D.
Using CORCA-3D, we obtain a solution snapshot set M = {�(µ) � �^N | µ � D}.
The knowledge of this manifold is implicitly dependent on the knowledge of the
parameters µ, and for better construction of a non-intrusive model, we endeavor
to find a low-rank representation for the solution snapshot set M. Reduced-basis
methods (RB) [55–57] indicate that in state where Φ is sufficiently regular, it
can be approximated by an n-dimensional reduced basis {q_i}, as follows: �(µ)
�= �_n(µ) = � 𝛼_i(µ)q_i.

1. Preparation of the Full-Order Snapshots For simplicity, we denote
the approximation of the solution manifold as follows: �_n(µ) = Q𝛼(µ), where
Q � �^(N×n) represents the assembled basis N×n-dimensional matrix {q_i, i =
1, ⋯, n}, and 𝛼(µ) � �^n denotes the assembled coefficient n-dimensional vectors
{𝛼_i, i = 1, ⋯, n}. In this study, the numerical solution of Eq. 2.1 was obtained
using the proprietary CORCA-3D code package developed at the Nuclear Power
Institute of China (NPIC) [54]. The CORCA-3D code is a black-box solver; it
can be substituted with other proprietary codes as needed.

2. Preparation of the Reduced Basis For simplicity and time efficiency,
we chose the singular value decomposition (SVD) method for generating the
reduced basis. The steps are as follows:

chinarxiv.org/items/chinaxiv-202405.00058 Machine Translation

https://chinarxiv.org/items/chinaxiv-202405.00058


Correlation Matrix: The correlation matrix C is computed by taking the
inner product of each pair of snapshots, as expressed by the following equation:
C_i,j = ��(µ_i), �(µ_j)�, �1 ≤ i, j ≤ P. Here, ��(µ_i), �(µ_j)� represent the inner
product of the ith and jth snapshots. Subsequently, the eigenvalues 𝜆_i and
corresponding eigenvectors v_i of the correlation matrix C are computed.

Proper Orthogonal Decomposition (POD): The jth POD basis vector
q_j, which is independent of parameter µ, is obtained as a linear combination
of snapshots: q_j = � v_j^i �_i, where v_j^i represents the ith element of the
j-th eigenvector, and �_i corresponds to the i-th snapshot. The magnitude of
the j-th eigenvalue 𝜆_j provides information about the relative importance of
the jth POD basis vector.

Collection of the best basis minimizing the Frobenius error: The solu-
tion snapshot set is denoted as M = {�(µ_k)}_(k=1)^P � �^N. When applied
to computation, we define the snapshot matrix as S � �^(N×P), which contains
snapshots �(µ_k) as columns. The first n POD bases are assembled into a ma-
trix Q_n = [q_1, ⋯, q_n] � �^(N×n). Among all orthonormal bases of size n,
the POD basis minimizes the Frobenius norm least squares error (defined in the
form of �・�F = √(��|・{ij}|^2)) of the reconstruction of snapshot matrix S, which
further corresponds to the Eckart–Young theorem [58]: �S - Q_n Q_n^T S�F =
√(�(k=n+1)^P 𝜆_k), where 𝜆_k represents the kth singular value of matrix S.
In summary, the POD basis constitutes a set of orthonormal vectors that offers
the most effective n-dimensional representation of the given snapshots.

3. Preparation of the Coefficient Following the aforementioned procedure,
the coefficient is constructed as the projection of the snapshot matrix S onto
the vector space spanned by the POD basis Span{q_1, q_2, ⋯, q_n}. For any
�(µ) belonging to the set S, the n-dimensional approximation of �(µ) is given
by Equation 2.2. In this manner, the coefficient can be computed using an
orthogonal projection as follows: 𝛼(µ) = � ��(µ), q_i� / �q_i, q_i� q_i, where
�q_i, q_i� equals 1 owing to the orthonormality of the POD basis. Moreover, in
matrix form, the coefficient matrix A_n = [𝛼_1(µ), ⋯, 𝛼_n(µ)]^T � �^(n×P)
follows the following relationship: S �= S_n = Q_n A_n = Q_n Q_n^T S.

4. Training a Forward Model The goal of the forward model is to construct
an efficient surrogate mapping model between the parameter and coefficient, as
follows: 𝛼(µ) �= FML(µ), where FML denotes the surrogate forward mapping
constructed by the machine learning approach, such as model-dependent ma-
chine learning methods or model-free optimization searching methods. The
response of the ROM model, denoted as FML(µ), corresponds to the predicted
coefficient data. The image of space D under the forward map FML(µ) repre-
sents the set of responses for all possible states. The difference Yo - HQFML(µ)
is referred to as the observation data misfit or the residuals associated with pa-
rameter µ. We design the cost function as Equation 2.12 based on the residual.
The forward model is used in the search of the optimal approximation for the
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operator � in the functional set {QFML, FML � E(D, �^n)}, where E(D, �^n) de-
notes the set of functions mapping from D to �^n, with n the reduced dimension
in the MOR process.

Previous research [13] evaluated various forward model approaches, among
which the KNN algorithm demonstrated exceptional accuracy and efficiency.
In this study, we specifically selected the KNN algorithm [48] as the forward
model to exploit its full potential. To enhance the performance of the KNN
algorithm, we focused on two crucial parameters that significantly influence
its efficacy. The first parameter relates to the voting distance in KNN,
wherein we investigate the impact of utilizing either the Euclidean distance
or Manhattan distance as the metric for determining the nearest parameter
choice in the training set. Notably, these two distances can be expressed
as Minkowski norms with an exponent of p = 1, 2, corresponding to the
Euclidean and Manhattan distances, respectively. The Minkowski distance, a
measure of the discrepancy between the testing and training parameters, can
be mathematically represented as follows: �µ_{test} - µ_{train}�p = (�|µ{test}i
- µ_{train}i|p)(1/p). We choose the Euclidean metric (p = 2). Another vital
parameter is K, which refers to the number of candidates voted for. The
optimal choice of K can be determined by plotting the relative L2 error of the
predicted observation and true vectors. From Figure 2 Figure 2: see original
paper, we can deduce that when K = 5, our forward model using KNN performs
with the best prediction accuracy, and the variation in the error is relatively
smooth, which corresponds to the continuous variation in the value of the field
at the corresponding position of the field manifold snapshot. In contrast, the
stair-shaped observation data predictions in Figure 3 [Figure 3: see original
paper] demonstrate that the KNN forward surrogate model has a step-like
progression as neighbors are adjusted between discrete datasets and thus are
not continuous or differentiable. In this manner, well-developed state-of-the-art
algorithms based on gradient information for solving optimization and inverse
problems did not work well in our case. To meet this demand, we investigated
other novel approaches, which are discussed in detail in the following sections.

B. Online Phase: Parameter Identification and State Estimation

The inverse problem in nuclear engineering refers to the task of determining
the model parameters that yield the observed data, as opposed to the forward
problem, which involves predicting the data based on the given model parame-
ters. The objective is to determine the model parameters µ* that approximately
satisfy Equation 2.12. The nature of the inverse problem depends on whether
operator � is linear or nonlinear. In most cases, particularly when solving sys-
tems governed by the neutron flux diffusion function, the inverse problem is
nonlinear, owing to the nonlinearity of the forward map. Thus, we attempt to
develop nonlinear algorithms, gradient-free algorithms, or algorithms based on
the initial guess given by fast linear algorithms, such as KNN.
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1. Setup of Inverse Model and Optimization In the context of optimal
control theory, the governing equations that describe the behavior of a physical
system are commonly referred to as state equations. However, in many practical
scenarios, interest lies not only in the physical state itself but also in its impact
on certain objects or quantities. Furthermore, only a limited amount of data
can often be obtained from the physical state. To address these considerations,
an additional operator denoted by H, known as the observation operator, is in-
troduced. This operator maps the state of the physical system denoted by Φ to
the desired observations denoted by Yo � �^m, where m denotes the total num-
ber of observations. Given a field Φ, the observation vector Yo is given by the
following equation and approximated by an error: Yo = HΦ = HQFML(µ) + e,
where e � �^m represents the observation noise vector that captures the presence
of observational errors. The quality of a given set of model parameters µ is eval-
uated using the L2 distance between the simulated and practical observations,
which is quantified using the following cost function: J(µ) := �HQFML(µ) - Yo�.

The objective of the inverse problem is to minimize the observation error, which
can be formulated as µ* = argmin J(µ) := argmin �HQFML(µ) - Yo�. It is im-
portant to note that the cost function described above is possibly nonlinear and
non-differentiable with respect to the discontinuous function FML. Therefore,
we developed the following algorithms to solve the optimization problem.

III. Comparison of Different Approaches for Solving Inverse
Models
To solve inverse problems, machine learning and optimization methods can be
employed to search for the optimal parameters or field distributions that best
fit the observed data [59]. Additionally, as mentioned in Section II A 4, when
we employ the KNN algorithm to construct the surrogate forward model, the
surrogate forward mapping is non-differentiable and discontinuous. This poses
a challenge because the traditional approaches used to solve continuous opti-
mization and inverse problems [60] are not applicable in this context. This
necessitates the exploration of novel inverse problem-solving methods suitable
for our particular problem. Hence, this study investigates various deterministic
optimization algorithms, metaheuristic algorithms, and their hybrids to address
this challenge.

A. Exhaustive Direct Search with Latin Hypercube Sampling (LHS)

To evaluate and compare the different approaches to solving inverse models, it
is essential to establish a benchmark for measuring their performance. In this
section, we propose using exhaustive direct search (EDS) with Latin hypercube
sampling (LHS) as the benchmark method for inverse problems. It combines the
accuracy of EDS methods, which have been widely used since the 1960s [61], with
the sampling efficiency of LHS. LHS [62] is a sampling technique that ensures
a comprehensive exploration of the solution space while maintaining desirable
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properties. The range of each variable was divided into equally probable inter-
vals, and the sample points were strategically placed to satisfy the requirements
of a Latin hypercube, where each sample was the only one in its corresponding
axis-aligned hyperplane. The advantage of LHS lies in its independence from
the number of dimensions, which allows for efficient sampling without the need
for an increasing number of samples. Furthermore, LHS facilitates sequential
sampling, enabling the tracking of the already selected samples.

B. Exhaustive Direct Search with 2 Steps Latin Hypercube Sampling
(LHS2STEPS)

To enhance the benchmark algorithm and mitigate the uncertainties introduced
by the randomness of the sampling process, [13] introduced a two-step sampling
strategy. This strategy involves further sampling the neighborhoods of the n1
best candidates generated during the initial stages of the LHS algorithm. For
the detailed pseudocode, please refer to Algorithm 1, excluding the part related
to ALHS.

C. Exhaustive Direct Search with Assembled 2 Steps Latin Hyper-
cube Sampling (ALHS)

To improve our benchmark algorithm and further reduce the uncertainty caused
by the randomness of the sampling process, we introduce a mean mechanism
at the end of the classical LHS algorithm to calculate the mean of the n1 top-
rated candidates in the five clones, which are spread around the n2 top-rated
candidates in the first sampling process. The concept is illustrated in Algorithm
1.

D. Efficient Deterministic Machine Learning Algorithm: KNN

In addition to the benchmark LHS method, another efficient deterministic algo-
rithm that can be considered for solving inverse models is the KNN algorithm.
KNN is a nonparametric classification and regression algorithm that can be
adapted to solve inverse problems. The KNN algorithm operates based on the
principle of similarity. Given a new input data point, KNN finds the K-nearest
neighbors in the training dataset based on the Euclidean distance and then
generates the output value by averaging the output values of the K-nearest
neighbors. The selection of the optimal value of K can be determined by graph-
ing the relative L2 error between the predicted observation vector and the true
vector, as shown in Figure 2(b). The analysis in Figure 2(b) reveals that select-
ing K = 1 yields the optimal outcome in terms of minimizing the L2 prediction
error, thereby emphasizing its advantageous accuracy.

E. Metaheuristics Algorithms with Physical Constraints

Recently, the application of metaheuristic algorithms with physical constraints
[63–65] has gained significant attention for inverse modeling. These algorithms
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offer powerful gradient-free optimization techniques that can effectively handle
complex inverse problems while satisfying the physical constraints imposed by
system dynamics. In this manner, we implemented and adapted practical algo-
rithms and constructed related solvers that were integrated into the developed
RODT framework. These solvers are designed to address the inverse problem
presented by Equation 2.12.

1. Differential Evolution Algorithm (DE) The differential evolution
(DE) algorithm [66] offers a promising approach for tackling inverse modeling
problems. By leveraging its ability to handle nonlinear and nonconvex objec-
tive functions, DE can effectively explore the parameter space. Furthermore,
DE provides mechanisms to incorporate physical constraints, ensuring that the
generated solutions adhere to system dynamics. The concrete procedure of the
DE algorithm can be found in a previous work [13], in which we used the best
mutation strategy recommended in [67] for the mutation step in DE, and the
mutation donor V_i,G is given by Equation 3.14: V_i,G = µ_{r5},G + F ・
(µ_{r1},G - µ_{r2},G + µ_{r3},G - µ_{r4},G), where r_k,G, k � {1, 2, 3, 4,
5} are randomly chosen from {1, 2, ⋯NP}, NP is the number of populations,
µ is a parameter, and F and G denote the scaling factor and the number of
generations, respectively.

2. Particle Swarm Optimization Algorithm (PSO) Particle swarm op-
timization (PSO) is a population-based optimization technique inspired by the
collective behavior of bird flocking or fish schooling. It involves particles rep-
resenting potential solutions that update their positions based on personal and
global best positions. The algorithm iterates a set number of times by adjust-
ing the particle velocities and positions. The best solution, represented by the
global best position with the lowest objective function value, is returned.

3. Fast Simulated Annealing Algorithm (FSA) The simulated anneal-
ing (SA) [69] algorithm, which was initially proposed for solving the well-known
traveling salesman problem (TSP) [70], is a popular approach for solving opti-
mization problems in various fields [71], including nuclear engineering [72]. SA
was inspired by metallurgical annealing, in which a metal is heated and gradu-
ally cooled to achieve a more ordered configuration. Similarly, SA starts from
a high-energy state (initial solution) and progressively lowers the temperature
until it converges to a state of minimal energy (optimal solution). The fast
simulated annealing (FSA) [73] is an adaptation of classical simulated anneal-
ing (CSA) [69], which improves computational efficiency and convergence speed.
CSA utilizes a local sampling approach and controls the fluctuation variance
through an artificial cooling temperature, denoted as T_c(t). FSA modifies the
cooling schedule to accelerate convergence using a cooling temperature T_f(t)
that decreases reciprocally rather than logarithmically with time t.
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4. Cuckoo Search Algorithm (CS) In the cuckoo search (CS) algorithm
[74], nests are used to represent potential solutions, and eggs within the nests
symbolize candidate solutions. Through an iterative process, the algorithm gen-
erates new solutions by employing Lévy flights and subsequently evaluates their
fitness. If a newly generated solution is superior to an existing one within a given
nest, it replaces the incumbent solution. To maintain population diversity and
improve the overall quality of solutions, the population is sorted based on fitness,
and a predetermined number of solutions are replaced with new solutions gen-
erated via random walks. The algorithm terminates upon reaching a predefined
maximum number of generations, and the best solution, characterized by the
lowest objective function value, is returned as the final outcome. CS utilizes a
balanced combination of a local random walk and a global explorative random
walk, controlled by a switching parameter p_a. A local random walk is defined
as follows: µ_i^(t+1) = µ_i^t + 𝛼 � H(p_a - �) � (µ_j^t - µ_k^t). In the above
equation, µ_j^t and µ_k^t represent two solutions randomly selected through
permutations. H(・) denotes the Heaviside function, � represents point-to-point
multiplication, � is a random number drawn from a uniform distribution, and
𝛼 represents the step size. The global random walk, on the other hand, is con-
ducted using Lévy flights, as follows: µ_i^(t+1) = µ_i^t + 𝛼L(s, 𝜆), where L(s,
𝜆) is defined as L(s, 𝜆) = 𝜆Γ(𝜆) sin(𝜋𝜆/2) / s^(1+𝜆), (s � s_0 > 0).

5. Artificial Neural Network (NN) The neural network (NN) algorithm
[75], inspired by the behavior of the human brain, simulates interconnected ar-
tificial neurons to process information, learn from data, and estimate unknown
parameters or states. They consist of interconnected artificial neurons organized
into layers that receive input signals, process them through weighted connec-
tions, and produce output signals using activation functions. NNs can learn
from input-output examples by adjusting the connection weights during train-
ing, enabling them to capture underlying patterns and correlations, making
them suited for solving physical problems [76]. The combination of the Adam
and L-BFGS optimizers in an alternating manner has demonstrated efficacy in
training NNs for complex problem solutions [77]. This approach leverages the
strengths of the two optimizers to enhance training and improve overall net-
work performance. However, owing to NN’s continuous property, it cannot
handle discrete problems well, particularly when the test data are noisy, which
is further discussed in Section V.

F. Hybrids of Optimization Methods for Inverse Problem: Balancing
Coarse–Fine-Grid Search

To address the challenges posed by the discontinuity of KNN surrogate forward
mapping and noisy observations, we propose hybrid algorithms that combine
the strengths of deterministic machine-learning methods for coarse-grid search
and metaheuristic algorithms for fine-grid search. This methodology can also
be found in fields that encompass feature extraction of aerial data [78], auto-
matic free-form optics design [79], and hyperparameter optimization [80]. The
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objective of a coarse–fine-grid search is to strike a balance between global explo-
ration and local exploitation [81] to achieve accurate, efficient, and less sensitive
parameter estimation. The hybrid optimization hub designed accordingly can
be further illustrated by the following schema:

Fig. 4 [Figure 4: see original paper]: Hybrid optimization schema of coarse–
fine-grid search.

1. Cuckoo Search with Differential Evolution (CSDE) In the later
stages of the standard CS process, notable issues arise in the form of infor-
mation waste and slow convergence. These issues stem from the execution of
independent evaluations and the lack of sufficient mechanisms for information
sharing within the population. Consequently, valuable information fails to prop-
agate effectively, resulting in suboptimal convergence rates and reduced search
efficiency. From an alternative perspective, the underlying biological nature
of mutations within the standard DE algorithm was explored. In this con-
text, a novel mathematical elucidation of these mutations is sought. Notably,
researchers in the natural sciences have observed that mutations can be under-
stood as sequences of transformations that transpire within a DNA molecule.
Furthermore, the transformations pertaining to modifications exhibited a statis-
tical distribution that adhered to the Lévy distribution. This finding suggests
an analogy between mutations and Lévy flight [82]. Drawing inspiration from
this observation, it is conceivable to integrate the Lévy flight process into the
generation of the DE population. In this regard, we developed the cuckoo search
differential evolution (CSDE) algorithm, which lies within the framework of the
CS algorithm, integrating the DE mutation operation into the production of
the population for each generation. The first step of CSDE is the initialization:
Define the objective function f(・). We set the population size N, problem di-
mension D, discovery probability P_a, step size 𝛼, scaling factor F, crossover
probability CR, maximum number of iterations T, and search domain range
[µ_{lb}, µ_{ub}]. The steps are presented in Algorithm 2.

2. Advanced CSDE (ACSDE) and Advanced DE (ADE) We utilize
the SVC algorithm to classify the test parameters and denote the center of the
classified hypercube as the initial machine learning estimate µ_{SVC}; then,
we use the CSDE and DE algorithms to further explore the parameter space
with the initial population spread around the center µ_{SVC}. In the SVC
process, according to a previous research [15] on the importance rate of the
input parameters, the last parameter, temperature T_{in}, contributes slightly,
and we also consider that T_{in} varies at a relatively small boundary; thus,
we only administer the SVC process to the first three parameters. We chose two
representative metrics to evaluate the performance of the SVC model.

Confusion Matrix: The confusion matrix [83] provides a comprehensive
overview of the binary classification results by displaying the number of true
positive (TP), true negative (TN), false positive (FP), and false negative
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(FN) predictions. This allowed us to assess the accuracy of the model by
differentiating classes and identifying potential sources of misclassification. We
can infer from Figure 5 [Figure 5: see original paper] that our SVC classification
model predicts the first two parameters with relatively high accuracy while
exhibiting confusion concerning the third parameter.

F1-score: The F1-score [84], defined in Equation 3.18, is a popular performance
metric for binary classifier models. In Equation 3.18, TP, FN, FP are the
numbers of true positives, false negatives, and false positives classified by the
model, respectively. F1 = 2TP / (2TP + FN + FP). The predictive model
employed in this study for each parameter is a multi-class SVC utilizing the“one-
vs-others”strategy. This approach involves training separate binary classifiers to
distinguish between the candidate intervals for a given parameter. Consequently,
performance evaluation necessitates the adoption of the Macro F1-score as a
metric. The Macro F1-score (Equation 3.19) is computed as the average of
the F1-scores obtained for each interval, reflecting the overall effectiveness of
the classifiers in capturing intra-parameter variations: F1_{macro} := (1/N) �
F1_i, where i is the interval index, and N is the number of intervals.

Based on the Confusion Matrix shown in Figure 5 and F1_{macro}, we designed
the grid size of the fine-grid search process as follows:

3. K-Nearest Neighbour plus Exhaustive Direct Search with Latin
Hypercube Sampling (KNNLHS) Integrating KNN with LHS provides a
robust methodology to address inverse problems. To enhance the comprehen-
siveness of our research, we standardized the grid size for a coarse–fine grid
search. This standardization is consistent with the specifications listed in Table
1 . In conclusion, the k-nearest neighbour plus exhaustive direct search with
Latin hypercube sampling (KNNLHS) method is a robust and efficient approach
compared to similar strategies. This technique combines the exploratory capabil-
ities of KNN in conducting coarse-grid searches with the efficiency and diversity
of LHS in sampling local solution spaces. Consequently, the KNNLHS facili-
tates precise and efficient parameter estimation, accurate navigation of complex
objective functions, and the management of noisy datasets. The effectiveness of
this approach and its comparative advantages are discussed in Section V.

IV. Application to Nuclear Reactor
A. Setup of Reactor Physics Operation Problems

1. Setup of Background Information for HPR1000 The objective of
constructing the RODT was to accurately predict the power distribution within
the HPR1000 reactor core during operation. The core consists of 177 vertical
nuclear fuel assemblies, 44 of which are equipped with self-powered neutron
detectors (SPNDs) to measure neutronic activity and power fields. Figure 6
[Figure 6: see original paper] provides a visualization of a horizontal slice of
the HPR1000 core and an axial slice of an SPND-equipped assembly, with only
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one-quarter of the core displayed owing to the symmetry along the x and y axes.
The gray fuel assemblies represent those containing control rods, whereas the
assemblies marked with D indicate the presence of SPNDs. For more detailed in-
formation regarding the HPR1000 reactor and generic neutronic physical model,
please refer to [14]. Further descriptions of the model for data assimilation and
the initial work on RODT can be found in [35] and [13], respectively.

During the normal operation of the HPR1000 reactor, two types of control rods
were utilized for regulation. The first type, known as compensation rods, is
responsible for coarse control and substantial reactivity reduction. These com-
pensation rods comprise four subtypes: G1, G2, N1, and N2. The second type,
called regulating rods (R rods), are employed for fine adjustments to maintain
the desired power or temperature [85]. Power evolution within the reactor is
influenced by various factors, including the movement of the control rods, the
burnup of nuclear fuel, variations in the power level of the reactor core, and
fluctuations in the inlet coolant temperature. This evolution was mathemati-
cally modeled using two-group diffusion equations [13] and numerically solved
using the CORCA-3D code package [86]. Developed at NPIC, the CORCA-3D
code is capable of solving 3D few-group diffusion equations, considering thermal-
hydraulic feedback, and performing pin-by-pin power reconstruction.

2. Setup of Parameter Domain In this study, we consider CORCA-3D to
be an opaque solver in which we input the parameter vector µ and obtain the
output Φ. In particular, the power field Φ is constrained to be dependent on a
set of “general”parameters that indicate the stage of the reactor’s life cycle:
µ := (St, Bu, Pw, T_{in}).

• St: The control rod insertion steps, ranging from 0 to 615, represent the
movement of the compensation rods from all rod clusters being out (ARO)
to fully inserted. This range takes into account the overlap steps.

• Bu: The average burnup of the fuel in the entire core indicates the amount
of energy extracted from the fuel and increases over time. Its value ranges
between 0 (at the beginning of the fuel’s life cycle) and Bu_{max}, which
is set to 2500 MWd/tU (the end of the fuel’s life cycle). The specific
evolution of Bu depends on the reactor’s operational history.

• Pw: The power level of the reactor core ranges from 0.3 to 1 FP (full
power).

• T_{in}: The temperature of the core coolant at the inlet falls within the
range of 290 to 300°C.

In this manner, Φ can be implicitly represented by �(µ) = �(St, Bu, Pw, T_{in}),
thanks to CORCA-3D. There are 177 fuel assemblies in HPR1000, and each
assembly is numerically represented using 28 vertical levels. Thus, Φ is a vector
with dimensions N = 4956 (= 177 × 28). The discrete solution set M = {�(µ)
� �^N | µ � D} consists of P = 18480 solution snapshots with the parameter
configuration D := {St = {0, 1, ⋯, 615}, Bu = {0, 50, 100, 150, 200, 500, 1000,
1500, 2000, 2500}, Pw = RU_3(0.3, 1.0), T_{in} = RU_3(290, 300)}. The
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operator RU_3(a, b) represents three independent and identically uniformly
distributed samplings in the closed set [a, b] where a < b. In this study, we
selected 90% of 18480 snapshots for training the forward and inverse models,
and the remaining 10% of snapshots were used for test purposes.

3. Setup of Observation Data and Modeling the Observation Noise
In the context of RODT, the observations denoted by Yo are used to infer
the input parameter vector µ and subsequently determine the resulting power
field Φ. The arrangement of these observations, organized node by node, is
shown in Figure 6. Each observation value represents the average value over
the corresponding node in which the SPNDs are located. It is important to
clarify that the observations used in the analysis were not obtained from direct
engineering measurements but were derived from numerical simulations of Φ
using CORCA-3D.

The noise associated with the observations can be modeled as either a Gaussian
or a uniform distribution, depending on the specific requirements. Specifically,
the noise term can be mathematically represented as follows: e = Yo・N(0, 𝜎, Yo)
or Yo・U(-𝛿, 𝛿, Yo). In this context, the vector N(0, 𝜎, Yo) denotes a collection of
random variables following a normal distribution. These random variables have
the same dimensions as Yo and are characterized by a mean of zero and standard
deviation of 𝜎. Similarly, the vector U(-𝛿, 𝛿, Yo) represents a set of random
variables uniformly distributed within the interval [-𝛿, 𝛿]. These variables have
the same dimensions as Yo. Considering the prevalence of Gaussian noise in real-
world nuclear reactors, our subsequent analysis primarily focused on evaluating
the performance of the algorithm under Gaussian noise conditions.

4. Software Implementation We integrated our software into the RODT
platform using the following modules:

• rodtPro: This module implements data cleaning and preprocessing tech-
niques based on domain expertise.

• rodtROM: This module constructs ROM through techniques like POD,
SVD, and RB.

• rodtML: This module focuses on surrogate modeling and inverse model
optimization. It also includes hyperparameter optimization techniques.

• rodtPost: This is a post-evaluation module that defines convergence met-
rics and conducts comparative analyses using evaluation methodologies
derived from peer-reviewed literature.

• rodtUI: This module is responsible for visualizing the results, providing
an intrinsic review of the methods, showcasing the optimized hyperparam-
eters, and designing user-specific visualizations.

B. Practice Metrics for Inverse Model Evaluation

To evaluate the performance of the algorithms, we designed a series of numer-
ical experiments using nuclear reactor data produced by an intrusive program
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with added noise. We carefully selected metrics related to accuracy and finally
defined the normalized reconstruction fields L2 error (E2) and L∞ error (E∞)
to evaluate the performance of the comparative algorithms.

The reconstructed field L2 error is defined in Equation 4.21 to evaluate the
average estimation of the field, where �・�_2 := √(�_i (・_i)^2) denotes the L2
norm: E2 := �QFML(µ*) - Φ_{true}�2 / �Φ{true}�2. The reconstructed field L∞
error is defined in Equation 4.22 to evaluate the worst field estimation, where �・
�∞ := max_i |・_i| denotes the L∞ norm: E∞ := �QFML(µ*) - Φ_{true}�∞
/ �Φ{true}�_∞. It should also be noted that the reconstructed observation L2
error and L∞ can be generated similarly.

V. Numerical Results
In this section, we describe the experiments conducted to evaluate the per-
formance of parameter identification and state estimation for the proposed al-
gorithms. The evaluation was performed on a test dataset consisting of 40
specimens from HPR1000, as described in Section IV. All the proposed inverse
modeling approaches are utilized in the experiments, and it is important to
mention that the cost function employed remains consistent with Equation 2.12.
Notably, we focused solely on testing the CSDE method and did not include
the CS method. Furthermore, we introduce the proposed accuracy metric, illus-
trated in Section IV B, to assess its performance.

A. Accuracy and Stability Analysis of the Parameter Identification
Phase

In this section, we describe the tests conducted to evaluate the accuracy of pa-
rameter identification. Initially, we assessed the effectiveness of the proposed
hybrid methodology, the coarse–fine–grid search, as discussed in Section III F,
using the KNNLHS method as an illustrative example. To visualize this pro-
cess, we generated scatter plots depicting the predicted values of the parameters
St and Pw, which were identified as the two dominant parameters in a previ-
ous study [15] (see Figure 7 [Figure 7: see original paper] for six cases with
different input parameter settings). Figure 7 shows a visualization of the lo-
cal search space in the inverse algorithms. The figures in the first row depict
scenarios with varying Pw values ranging from relatively low to moderate to
relatively high. Correspondingly, the figures in the second row illustrate cases
with varying St values, again encompassing relatively low, moderate, and high
values. These figures effectively show the considerable improvements achieved
using the KNNLHS method, particularly in the simultaneous optimization of
both Pw and St. The visualizations underscore the effectiveness of the method
in yielding enhanced optimization outcomes.

The parameter prediction deviation is demonstrated in Figures 8 over the test
set. Owing to space limitations, we chose only KNN, KNNLHS, and FSA for
illustration and tested clean and noisy (𝜎 = 5%) observation data. Using the
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LHS algorithm, the KNN prediction for parameter identification became more
accurate, and the prediction deviation for the FSA algorithm was concentrated
at relatively low intervals, thus proving its excellent accuracy. In general, the
accuracy of burnup, the power level, and the control-rod step are acceptable
from an engineering perspective.

B. Comparison of the Convergence Rate among Metaheuristic Algo-
rithms

The convergence rate is a crucial criterion for evaluating algorithms that are
integrated with the generation design; thus, in this section, we compare different
metaheuristic algorithms and their hybrids. Their convergence performance in
50 iterations (generation) with clean and noisy (𝜎 = 1% and 𝜎 = 5%) observation
data is shown in Figure 9 [Figure 9: see original paper]. When the observation
data were clean, the FSA exhibited the fastest convergence rate, followed by
the advanced differential evolution (ADE). Moreover, when integrated within
an SVC coarse-grid search, both the DE and CSDE algorithms demonstrated the
ability to escape the local optima in the early stages while incurring a relatively
low-cost function, thereby surpassing their standalone performance.

Among the two population-based algorithms, DE outperformed CSDE. This
can be attributed to two factors: (i) the adoption of the best mutation method
for DE, where we use the optimal mutation strategy for DE while using the
classical strategy; and (ii) the relatively straightforward nature of our prob-
lem, wherein the inverse problem lacks multiple optima. Consequently, the CS
step in each generation of CSDE may lead to unnecessary exploration of the
parameter space that is distant from the optimal solution. In the presence of
noise-contaminated observation data, FSA continues to exhibit superior conver-
gence capabilities. However, its advantage diminishes as the level of Gaussian
noise reaches 5%, eventually leading to a decline in advantage. Notably, the
ADE and advanced cuckoo search differential evolution (ACSDE) failed to de-
liver satisfactory results under noisy conditions. This is primarily due to the
erroneous predictions of SVC, which further leads to inadequate initial estimates
provided by population-based algorithms.

C. Evaluation of State Estimation Phase by Accuracy

In this section, we evaluate various methods in the state-estimation phase based
on accuracy. First, we compared the accuracy and stability under two metrics:
the relative error in the L2 norm defined by Equation 4.21 and the L∞ norm
defined by Equation 4.22 for field Φ, which is presented in Table 2 . The‘Mean’
values in the tables represent the average accuracy across 40 tested specimens,
while the‘STD’values indicate the standard deviation of errors over the same
set of specimens. The optimal values are indicated in bold.

In general, integration of the LHS algorithm enhanced the accuracy of the KNN
model. This improvement can be attributed to the LHS sampling approach,
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which mitigates the discontinuity issue associated with KNN predictions by
sampling around the initial estimate. Furthermore, the NN method exhibited
a decline in accuracy when confronted with noise-contaminated observational
backgrounds. This is attributed to its reliance on gradients, rendering it less
effective in discrete cases.

To visualize the performance of the inverse algorithms directly, we randomly
selected one specimen from a test dataset. Figures 11 and 12 depict the relative
L2 error of the field prediction at the 11th vertical level. Readers are referred
to Figure 10 Figure 10: see original paper for the true field values. To fully
demonstrate the reconstruction accuracy of our approach, we examined cases
in which the reconstruction was relatively poor, particularly around the control
rod interfaces. Reconstruction of the physical fields in locations near the control
rod interfaces is challenging because the behavior in these regions is not easily
captured with high fidelity. Readers can refer to Figure 10(b) for the true field
value on this axis, and Figures 13 and 14 depict the prediction errors of various
methods on this axis. However, our results also show that even in such difficult
cases, our method can achieve good reconstruction in most cases. Although
some techniques performed worse around the interfaces, the majority of our
proposed methods still facilitated a reconstruction quality comparable to other
areas across the domain. Overall, this validation indicates that the proposed
approaches hold promise for representing complex reactor physics behaviors
with suitable accuracy, even when challenges arise locally because of design
complexities, such as control rod insertion points.

D. Evaluation of State Estimation Phase by Time Cost

In this section, we present an overview of the time costs (we take the mean of the
40 specimens) associated with each proposed algorithm in the state-estimation
phase, which can be found in Table 3 . The optimal values are highlighted in
bold, and the second optimal value is underlined. It is worth mentioning that the
NN method demonstrated notable speed. However, metaheuristic algorithms
incur relatively high time costs. This is primarily attributed to the repeated
computation of the cost function in Equation 2.12, which occurs 50 times for
each population member over 50 iterations/generation cycles, resulting in a total
of 2500 cost function evaluations. Moreover, these algorithms involve additional
computations and sorting operations for information exchange and identification
of the best solutions, contributing to the discrepancy in time cost.

Furthermore, it is important to note that the methods LHS, ALHS, and
LHS2STEPS have approximately the same time costs. In the algorithm LHS,
we set the number of samples to 1000. In algorithms ALHS and LHS2STEPS,
we set the first-stage sampling number to 750, and the second-stage sampling
is repeated five times, with each repetition sampling number uniformly set to
50, adding up to 1000 in total. Model-based algorithms, such as KNN and its
hybrid KNNLHS, have relatively low time costs, that is, less than one second,
which is acceptable in the industry.
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E. Comprehensive Evaluation of Various Algorithms

In the state-estimation phase, a comparison of the proposed algorithms in terms
of time cost and accuracy is presented in Figure 15 [Figure 15: see original pa-
per]. The KNNLHS algorithm demonstrates a commendable level of accuracy,
achieving solutions within 0.1 s for both clean and noise-contaminated obser-
vation backgrounds. Consequently, KNNLHS can be considered suitable for
real-time online inverse modeling in the context of RODT. Moreover, in scenar-
ios in which time constraints are not limiting factors, the FSA, DE, and ADE
algorithms provide reasonably accurate solutions.

VI. Conclusion and Future Works
In this study, we developed and implemented a series of powerful algorithms
for the RODT, aiming to address the challenges in parameter identification and
state estimation for nuclear reactor monitoring and optimization applications.
Novel hybrid optimization algorithms, including ADE, CSDE, ACSDE, and
KNNLHS, were designed and implemented to effectively solve the inverse prob-
lems posed by the discontinuous surrogate forward modeling approach. Both
deterministic and metaheuristic optimization methods have been investigated
for their applicability to nuclear engineering systems characterized by high-
dimensional, nonlinear relationships. The integration of coarse and fine grid
searching strikes an optimal balance between computational efficiency and solu-
tion accuracy.

Through extensive experimentation and evaluation, we conducted a thorough
comparative analysis of parameter identification accuracy, field reconstruction
accuracy, and convergence profile. FSA exhibited the fastest convergence
rate, and the proposed ADE method follows closely behind. Moreover, inte-
grating standard DE or CSDE algorithms within the SVC coarse grid search
framework enables these techniques to effectively escape local optima in early
iterations while maintaining relatively low-cost function values, surpassing
their standalone implementations. Additionally, it is observed that pairing
the LHS approach within the KNN surrogate model enhances the accuracy
by mitigating discontinuity issues through local sampling around the initial
guess. Thus, our approach effectively addresses the challenges of discontinuity
and non-differentiability in surrogate forward mapping generated by the KNN
model. Conversely, the NN method experiences declining accuracy when faced
with noise-contaminated measurements, likely owing to overreliance on gradient
information, which proves less effective under such uncertainty.

Our algorithms demonstrated high computational efficiency, with solutions ob-
tained within 1 s and as fast as ≤ 0.08 s for KNN, KNNLHS, and NN. They
also exhibited robustness in handling noise-contaminated backgrounds. Our
work contributes to the realization of RODT by providing effective, efficient,
and reliable support for real-world nuclear power plant operation and sensor
data. These algorithms establish a promising foundation for advanced system
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modeling and engineering decision support. By specifically tailoring solutions to
nuclear inverse and surrogate modeling challenges, this research advances the
state-of-the-art RODT methodology. The improved parameter identification
and state estimation facilitate the optimization of reactor monitoring, control,
and performance through data-driven DT applications.

In the future, novel methods can contribute to our RODT system, and with
the same methodology, we can support the development and implementation
of these transformative technologies in other industries requiring real-time DTs.
Continued work validating diverse systems and progressively integrating multi-
physics modeling holds promise for fully realizing the potential of RODTs in
transforming nuclear engineering practice with powerful real-time and decision-
support capabilities. Realizing this potential requires ongoing progress, collab-
oration, and open innovation across expert areas.
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