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Residual neural network-based prediction method for core temperature field of pebble-bed

high-temperature gas-cooled reactor using measurable data

LIU Wei' MENG Jinxing® WU Zhao® SHAN Jiangiang’

1(Huaneng Nuclear Energy Technology Institute, China Huaneng Group Co., Ltd., Shanghai 200126, China)

2(Xi'an Jiaotong University, Xi'an 710049, China)

Abstract  [Background] The real-time monitoring of the core temperature field in High-Temperature Gas-Cooled
Reactors (HTGR) is crucial for reactor safety. However, extreme in-core environments prevent the deployment of
dense sensor networks. Traditional numerical simulations are computationally expensive, while conventional data-

driven models often lack spatial physical perception, leading to distortion in areas with severe temperature gradients.
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[Purpose] This study aims to develop a highly efficient and accurate data-driven surrogate model to reconstruct the
high-fidelity 2D steady-state temperature field of the High Temperature gas-cooled Reactor Pebble-bed Module
(HTR-PM) core using only sparse, measurable macroscopic operating conditions and side reflector temperatures.
[Methods| Firstly, an improved Deep Residual Multilayer Perceptron (ResNet-MLP) model for HTR-PM was
proposed by introducing residual connection mechanism. High fidelity inversion of core steady-state temperature
field was realized by using measurable macro thermodynamic parameters and discrete temperature data of lateral
reflector. Then, a novel spatial gradient-aware loss function was introduced into the optimization objective to
constrain the thermodynamic continuity between adjacent spatial nodes. Finally, The model’ s performance was
evaluated against traditional MLP and Support Vector Regression (SVR) baselines under the same verification criteria
and dataset generated by the system analysis code HUAQI developed by Huaneng Nuclear Energy Technology
Institute, China. [Results] Evaluation results show that the ResNet-MLP model achieves an overall Mean Absolute
Error (MAE) of 0.51 °C and a Mean Absolute Percentage Error (MAPE) of 0.162%, significantly outperforming SVR
and standard MLP. The average prediction time per sample is approximately 7.5 ms. Ablation studies demonstrate
that the incorporation of the spatial gradient loss effectively eliminates the "over-smoothing" phenomenon, reducing
the overall MAE by approximately 53% compared to pure Mean Squared Error (MSE) training. [Conclusions] The
ResNet-MLP model proposed in this study constrained by spatial gradients, effectively overcomes the representation

bottlenecks of shallow machine learning algorithms, providing a robust, ultra-fast, and highly accurate technical

solution for the online condition monitoring and digital twin construction of advanced nuclear reactors.
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Table 1 Verification of HTR-PM design parameters'”

% ¥ Parameters BET1E Design value 1I %8 Calculated value % ZE Error / %
)% Power / MW 250 250.00 -

—[5] #% & 77 Primary helium pressure / MPa 7 7.00 —

— [B] %37 B Helium mass flow rate / kg+s™' 96 96.10 0.001

A 15 % Helium temperature at reactor inlet / °C 250 250.03 0.000

Hi 138 £ Helium temperature at reactor outlet / °C 750 751.07 0.001
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Fig.2 Calculation model diagram for core and one-dimensional outer loop (color online)
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Table 2 Operational parameters of HTR-PM"

Z 1 4 B Parameters H{E Value
J % HE S5 Th 2% Reactor total thermal power / MW 200

— [B] #% J% 7] Primary helium pressure / MPa 7

SN HEN I/ S 246.7/577.7
Helium temperature at reactor inlet/outlet / °C

SRS Helium mass flow rate / kg*s™ 116.3
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Fig.3 Comparison of temperature at lateral reflector between
simulation data and experimental data (color online)
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Table 3 Data generation parameter range

Z ¥ 4 FK Parameters H{E Value
J N HE LT Reactor total thermal power / MW 0~250

— [A] % & 7] Primary helium pressure / MPa 3~9
FSN VRS Inlet helium temperature / °C 25~300
ZSI0 & Helium mass flow rate / kg-s™ 5~120
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Table 4 Model hyperparameter settings

BRI S B AL TR BOEE
Model Hyperparameter Value
ResNet  [&jE/Z4E 5 Hidden size 128
B EYHCE 3
Num of ResBlocks
WS BRI Activation function GELU
JH—1k 3 M% Normalization ~ Layer Normalization
Fiti 1. 2% 3 % Dropout rate 0.2
MLP Bt 2% 4 & Hidden size 128
[ )2 $5 2= Number of layers 2
SVR 1% pA %1 Kernel function RBF
N2 50.0

Regularization parameter
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Table 5 Training hyperparameter settings
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