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Abstract  [Background] The accuracy of transient thermal hydraulic parameter prediction of reactor cores under

various working conditions directly affects reactor safety. Mass flow rate and temperature are important parameters of
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core thermal hydraulics, which are often modeled as time-series prediction problems. [Purpose]| This study aims to
solve the accuracy problem of continuous prediction of core thermal hydraulic parameters under instantaneous
conditions and to test the feasibility of a gated cycle unit based on the attention mechanism in core parameter
prediction. [Methods] The 1/2 full core model of China Experimental Fast Reactor (CEFR) core was taken as the
research object. The subchannel SUBCHANFLOW program was employed to generate the time series of transient
core thermal hydraulic parameters. The gated recurrent unit (GRU) model based on soft attention was used to predict
the mass flow and temperature time series of the core. [Results] The results show that, compared with the adaptive
radial basis function (RBF) neural network, the GRU network model with soft attention offers better prediction
results. The average relative error of temperature is <0.5% when the step size is 3, and the prediction effect is quite
good within 15 s. The average relative error of mass flow rate is <5% when the step size is 10, and fairly good
prediction effect is achieved in the subsequent 12 s. [Conclusions] The model constructed in this study not only
exhibits higher prediction accuracy in the continuous prediction process but also captures the trend characteristics in
the dynamic time series, which is of considerable value for maintaining reactor safety and effectively preventing
nuclear power plant accidents. The GRU model based on soft attention can provide continuous prediction for a period

of time under transient reactor conditions, providing a reference value in engineering applications and improving

reactor safety.
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Table 2 Comparison of DB8 wavelet denoising ablation experiments

THEM AL & Predictive variables i B il & Mass flow i £ Temperature
JE UK Raw data 0.051 6 0.004 7
£ 5 Denoising data 0.0429 0.004 2
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Table 3 Comparison of attention mechanism ablation experiments

ToNAg Ji R
Predictive variables Mass flow Temperature
GRU £: 1M 2% GRU benchmark network 0.049 0 0.004 3
GRU 1 M £%+Attention GRU benchmark network + Attention 0.0429 0.004 2
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