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1. Introduction 

 
The operation of a single reactor unit is increasingly 

characterized by flexible operation to accommodate the 

intermittent solar generation profiles which depend on 

the existence of sunlight. Under random load-following 

operation (LFO), the real-time dynamics of control rod 

movement, combined with spatiotemporally evolving 

fission product behavior and resulting dynamic power 

imbalance, pose a fundamental challenge: existing power 

distribution synthesis methodologies lack the adaptive 

capability to track actual core dynamics under stochastic 

operating conditions [1].  
Reduced order models (ROMs) offer a data-driven 

alternative to bypass such computationally intensive full-

order simulations [2]. By learning from high-fidelity 3-

D nodal diffusion simulations of load-follow transients, 

ROMs can compress complex spatial-temporal dynamics 

into low-dimensional manifolds and extrapolate to 

unseen operating points without offline computation, 

enabling real-time prediction under arbitrary control 

policies and setpoint trajectories [3][4]. 

In this study, the high-fidelity and pseudo-realistic 

simulation data of load-following operation are 
generated by STREAM/RAST-K [5], which has been 

developed in UNIST CORE Lab. As a dimensionality 

reduction method, the proper orthogonal decomposition 

(POD) has been implemented using QR-based singular 

value decomposition (SVD) [6].  This POD basis is then 

used for both projection and reconstruction. Two 

complementary data-driven methods are employed to 

model the temporal evolution in latent space: Dynamic 

Mode Decomposition with control (DMDc) [7] which 

extracts a linear affine model based on Koopman 

operator theory, and Sparse Identification of Nonlinear 

Dynamics with control (SINDy-c) [8] which discovers 
sparse nonlinear models into first order differential 

equation. The aim of this study is to reduce the 

generalization error of data-driven power reconstruction 

methods, comparing two latent propagation methods, 

DMDc and SINDy-c.  

 
2. Methods and Results 

 

In this section, the whole procedure of data-driven 

ROMs for power reconstruction from data generation to 

inference stage are described. The schematic flowchart 

of this method is illustrated in Fig. 1.  

 
Fig. 1. Study overview of data-driven ROM for power 
reconstruction 

 

2.1 Data generation : RAST-K 

 

To generate a comprehensive dataset, we use a 

mutually complementary two-stage simulation strategy 

that iterates the full-transient and quasi-static approaches. 
We integrate the two simulation stages to balance high-

fidelity transient representation with broad parametric 

coverage. The equilibrium cycle of APR1400 is used for 

data generation of this study.  

First, we implemented full-transient simulations using 

the RAST-K’s pseudo module of reactivity regulation 

system (RRS) [9], which automatically maneuver the 

control rod and boron concentration to follow target core 

power and reference axial shape index (ASI) in real-time. 

From these, the detailed control histories of various 2-

day LFO scenario cases on the beginning of cycle (BOC) 
have been captured.  

Second, using this history, quasi-static simulations of 

boron search mode in whole cycle of such randomized 

schedule have been calculated as a prototype of dataset. 

Then, restarting from LFO results, the extracted control 

history over middle of cycle (MOC) and end of cycle 

(EOC) has been iteratively captured with long term LFO 

effects. Each LFO scenario consists of 50%, 70%, and 

80% of target load-following and temporal patterns of 3-

6-3-12, 2-8-2-12, and 2-6-2-14. 

Finally, the whole-cycle quasi-static using the 

chronicle LFO control history are calculated with 15-
minute time stepping then the data are acquired using 

HDF5 format to avoid truncation issue of ascii-style edits. 

 

2.2 Data preprocessing  

 

The dataset represents a three-dimensional state space 

comprising assembly-wise power and burnup, and the 

number density distribution of xenon-135 and samarium-

149. This spatial discretization of assembly geometry 

and axial extent yields thousands of flattened spatial 

nodes per physical variable 𝑋 (∈ ℝ𝑛×𝑚), where 𝑛 is the 
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number of time-step and 𝑚 is the number of node-wise 

features. We represent control actions by the nine control 

rod bank positions, the primary-coolant boron 

concentration, and the power setpoint; these inputs form 

the control data 𝑢(∈ ℝ𝑛×𝑝). The min-max normalization 

has been applied feature-wise. The validation dataset has 

totally different LFO schedule and control history from 

train dataset to verify the generalization error of this 

study. The main control history set of one case from train 

dataset are illustrated in Fig. 2. 

 

 
Fig. 2. The normalized control data (𝑢) of sampled case  

 

2.3 Dimensionality reduction : POD 

 

POD serves as the foundation for reduced-order 

modeling by extracting dominant spatial-temporal 

structures from high-dimensional system observations. 

In this work, POD projects the full-dimensional reactor 

power distribution into a low-dimensional latent 

representation that preserves essential system dynamics 

while achieving substantial computational savings. The 

decomposition is computed using QR-factorization-
based singular value decomposition (QRSVD) 

implemented in a distributed data-parallel (DDP) 

configuration across 8 graphic processing units (GPU), 

enabling efficient processing of large-scale snapshot 

ensembles.  

The SVD is then computed on the much smaller QR-

decomposed matrix R (𝑋 = 𝑄𝑅): 

 

 𝑅 = 𝑈̃𝛴𝑉𝑇  (1) 

 

The full left singular vectors of the original matrix are 

recovered via: 

 

 𝑼 = 𝑄𝑈̃ (2) 

 

the SVD computation operates on an 𝑅 ∈ ℝ𝑚×𝑚 

matrix rather than the much larger 𝑋 ∈ ℝ𝑛×𝑚  matrix, 

reducing computational cost from 𝒪(𝑛2𝑚) to 𝒪(𝑚3). 

 

 
Fig. 3. Top 10 ranked POD basis (𝑈𝑟)  

 

 
Fig. 4. Top 9 ranked latent coefficients (𝑎𝑟 = 𝛴𝑟𝑉𝑟

𝑇) 

 

Fig. 3 shows the POD results of high-ranked principle 
spatial components, especially marked at the control rod 

positions, and Fig. 4 describes the latent dynamics 

including the temporal components of the system.  

 The retained POD rank 𝑟  is selected by “energy” 

criterion of 𝐸(𝑟) = ∑ 𝜎𝑖
2𝑟

𝑖=1 / ∑ 𝜎𝑖
2𝑚

𝑖=1 ≥ 99%, where the 

singular values  𝜎 ∈ 𝛴 represent the relative importance 

of each mode. The reconstruction is from POD basis 

from train dataset (𝑈𝑟,𝑡𝑟𝑎𝑖𝑛) and latent coefficients from 

validation dataset (𝑎𝑟,𝑣𝑎𝑙𝑖𝑑). The performance metric is 

the mean relative error (MRE) between true power 

distribution from validation dataset (𝑋𝑣𝑎𝑙𝑖𝑑)  and 

reconstructed power distribution ( 𝑋𝑟𝑒𝑐𝑜𝑛 = 𝑈𝑟,𝑡𝑟𝑎𝑖𝑛 ⋅
𝑎𝑟,𝑣𝑎𝑙𝑖𝑑). Fig. 5 illustrates MRE of POD methods using 

the validation dataset. The MRE is mostly under 0.1% 

which means the linearly projected manifold for 

reduction of dimensions is well generalized enough.  

 

 
Fig. 5. MRE(%) of reconstruction of latent variables on 
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validation dataset using POD xenon basis from trained dataset  
 

2.4 Linear-affine Koopman operator: DMDc 

 

Koopman operator 𝒦 is an infinite-dimensional linear 

operator acting on observables of a dynamical system. 

For a discrete-time control system of the form 𝒂𝑘+1 =
𝑓(𝒂𝑘 , 𝒖𝑘)  the Koopman operator advances any 
observable g by one time step: 

 

 𝒦𝑔(𝒙𝑘) = 𝑔(𝒙𝑘+1) = 𝑔(𝑓(𝒙𝑘 , 𝒖𝑘)) (3) 

 

In the context of POD-based model reduction, we 

select the latent coordinates vector 𝒂𝑘 ∈ ℝ𝑟  (resulting 

from POD projection) as those observables. This choice 

leads to a control-affine linear model in the latent space: 

 

 𝒂𝑘+1 = 𝑨𝒂𝑘 + 𝑩𝒖𝑘 (4) 

 

, where 𝑨 ∈ ℝ𝑟×𝑟 is the identified Koopman operator 

matrix in the latent space, and 𝑩 ∈ ℝ𝑟×𝑝 is the control 

input matrix; 𝑟  denotes the number of retained POD 

ranks, and 𝑝 is the dimension of the control input. 

To identify the matrices 𝑨  and 𝑩 , we construct 

snapshot matrices from the available training data. Let 

𝒂(𝒍) ∈ ℝ𝑟×(n−1) denote the matrix of latent snapshots and 

let 𝒖(𝒍) ∈ ℝ𝑝×(𝑛−1) denote the matrix of control inputs at 

times 𝑘 = 𝑙, 𝑙 + 1, … , 𝑙 + 𝑛 − 1 . The least-squares 

identification problem seeks to minimize the following 

Frobenius norm: 

 

 𝑚𝑖𝑛
𝑨,𝑩

‖𝒂(𝟏) − 𝑨𝒂(𝟎) − 𝑩𝒖(𝟎)‖
𝐹

2
 (5) 

 

The resulting control-affine model is then validated 

through multi-step predictions on held-out test data, in 

Section 2.6. 
 

2.5 Sparse Identification of Nonlinear Dynamics with 

control (SINDy-c)  

 

While POD and Koopman operator theory provide an 

efficient framework for real-time power reconstruction, 

the assumption of linear dynamics introduces systematic 

errors under transient conditions and nonlinear feedback 

regimes characteristic of load-follow operations. To 

address these limitations while maintaining 

computational tractability, this section introduces 
SINDy-c, a methodology that identifies interpretable, 

explicit governing equations of the form 
𝑑𝒂

𝑑𝑡
= 𝒇(𝒂, 𝒖) =

𝛩(𝒂, 𝒖)𝜩 as sparse linear combinations of interpretable 

basis functions (𝛩) – including polynomial, exponential, 

Fourier and control-state coupling terms – and 

corresponding sparse coefficients (𝑐 ∈ 𝜩). This method 

provides stronger robustness to be a generalized model, 

using a concept of ‘sparsity’. 

An optimization problem in finding a sparse vector 𝜩 

that fits the derivative 𝒂̇ is performed least squares fitting 

with L1 regularization using 𝜆 as parameter: 

 

 𝑐𝑘 = 𝑎𝑟𝑔𝑚𝑖𝑛
𝑐𝑘

′
||𝒂̇𝑘 − 𝛩(𝒂, 𝒖)𝑐𝑘

′ ||2 + 𝜆||𝑐𝑘
′ ||1 (6) 

The sequentially thresholded least square (STLSQ) 

algorithm combining ridge regression, thresholding, and 
iterative refinement to isolate physically dominant 

dynamics while suppressing minor terms with given 

sparsity. Fig. 6 illustrates the heatmap of highlighted 

coefficient and the representative terms of trained 

SINDy-c equation. 

 

⚫ STLSQ algorithm  

 

1) Ridge Regression (initialize all terms) 

𝒄∗ = (𝜣𝑻𝜣 + 𝜶𝑰)−𝟏𝜣𝑻
𝒅𝒂

𝒅𝒕
 

2) Thresholding (enforce sparsity) 

𝒄𝒋
thresh = {

𝒄𝒋
∗ if |𝒄𝒋

∗| ≥ 𝝉

𝟎 otherwise
 

3) Iterative Refinement (repeat 1-2 until converged) 

𝒄(𝒌+𝟏) = (𝜣active
𝑻 𝜣active + 𝜶𝑰)−𝟏𝜣active

𝑻
𝒅𝒂

𝒅𝒕
 

4) Return the converged 𝑐 ∈ 𝜩  (final) 

 

 

 
Fig. 6. Trained SINDy-c model example (top 5 terms are 

sampled for visualization)   

 

2.6 Comparison for DMDc and SINDy-c 
 

The validation results of DMDc and SINDy-c model 

are figured. Fig. 7 and Fig. 9 show the prediction of top 

5 ranked latent coefficients and those errors from 

validation dataset. Fig. 8 and Fig. 10 describe the mean 

absolute relative errors (MARE) of the reconstructed 

power distribution at timestep 𝑡 , denoted in Eq. (7), 

which are predicted by each dynamic identification 

method, by using POD basis which is preset from train 

dataset. Fig. 7 and 8 are tested on day 0 to 9, and Fig. 9 

and 10 are tested on day 400 to 409. 
 

MARE(𝑡) =
1

𝑛𝑥𝑛𝑦𝑛𝑧

∑ |
𝑋𝑝,𝑡

𝑟𝑒𝑐𝑜𝑛 − 𝑋𝑝,𝑡
𝑣𝑎𝑙

𝑋𝑝,𝑡
𝑣𝑎𝑙 |

𝑛𝑥𝑛𝑦𝑛𝑧

𝑝=1

 (7) 
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Fig. 7. One-step predictions and errors of latent state 

coefficients at day 0 to 9   

 

 
Fig. 8. MARE of 3-D power reconstruction at day 0 to 9 

 
Fig. 9. One-step predictions and errors of latent state 
coefficients at day 400 to 409 

 

 
Fig. 10. MARE of 3-D power reconstruction at day 400 to 409  
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From results, both DMDc and SINDy-c exhibit higher 

reconstruction MAREs during load-follow operation 

than during non-load-follow periods, with the magnitude 

of the reconstruction error generally increasing with the 
extent of the power maneuver. In the validation case, 

load-follow operation was performed on 7 out of the first 

10 days of the cycle. During this period, DMDc yielded 

an average MARE of 2.48% and a maximum MARE of 

16.00%, whereas SINDy-c achieved an average MARE 

of 2.11% and a maximum MARE of 8.91%. Although 

the average MAREs of the two dynamic identification 

methods are comparable; a notable difference is 

observed during transitions between different daily load-

following scenarios. 

In particular, DMDc exhibits reconstruction errors 

approximately twice as large as those of SINDy-c during 
power reduction and recovery transients. This behavior 

can be attributed to the relatively large latent-state errors 

occurring at the transition points between different daily 

load-following scenarios, as well as the limitations of the 

linear-affine DMDc formulation in representing the 

nonlinear behavior associated with control-rod 

movements and xenon dynamics. In contrast, the 

nonlinear sparse representation provided by SINDy-c 

allows these transient dynamics to be represented more 

effectively, resulting in lower reconstruction errors 

during changes in reactor power. 
 

3. Conclusions 

 

This work demonstrates a data-driven reduced-order 

modeling (ROM) framework for three-dimensional (3-D) 

power distribution reconstruction during load-follow 

operation in nuclear reactors. The proposed framework 

integrates full-cycle load-follow operation simulations 

using RAST-K, dimensionality reduction based on QR-

based POD, and latent-space dynamics identification 

using DMDc and SINDy-c. The results show that the 

ROM efficiently extracts the dominant spatial–temporal 
features of the reactor core while maintaining numerical 

stability through orthogonal transformations, yielding a 

low-rank latent representation suitable for dynamic 

model identification and real-time reconstruction.  

The proposed framework can be extended beyond 3-D 

power distribution reconstruction to the prediction of 

other high-dimensional, non-measurable core states, 

such as the spatial distributions of xenon and burnup. 

This capability provides a potential means of predicting 

the highly intermittent and dynamically varying behavior 

of reactors operating under flexible load-follow 
conditions in a more comprehensive and generalizable 

manner. 

The proposed framework was trained exclusively 

using RAST-K simulations. Therefore, discrepancies 

between simulated core physics and actual reactor 

behavior need to be characterized using commissioning 

and operational data. In addition, the current evaluation 

was performed using simulated validation data only. For 

application to actual load-follow operation, real-time 

SPND in-core instrumentation signals should be 

incorporated to provide online measurement feedback 

for latent-state correction. Furthermore, to quantitatively 

assess the improvement in the generalization capability 

of the ROM, power reconstruction using a full-system 
data-driven approach should be evaluated as an 

independent verification method. 
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