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Abstract

Based on the multi-body system in the nuclear fuel reprocessing, a high-precision BP neural network
prediction model is established. It can realize the real-time intelligent prediction of the nuclear crit-
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ical safety parameter k.s, and assist the rapid auxiliary evaluation of the operation status and safety
performance of the process system. This method uses the original data set of nuclear criticality safe-
ty obtained by MCNP simulation, and realizes the modeling of complex system by machine learning
(ML), which can overcome the difficulty of real-time quantitative evaluation caused by the linkage
change of operation parameters of multi-system post-processing equipment. Numerical experiments
show that the error of the prediction system is less than 1%, and the calculation speed is more than
2000 times faster than that of MCNP simulation. It is an important exploration of ML and other intel-
ligent methods in the field of nuclear critical safety, and has broad prospects.
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Figure 1. Solution system model diagram
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Figure 2. Schematic diagram of neural network structure and parameter
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Figure 3. Normalized data set
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Figure 4. BP neural network topology
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Table 1. Other parameters of BP neural network
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Figure 5. Change curve of loss function and error function in neural network training
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Table 2. Training results of 8 node-data
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0 2.97e-5 0.95 3.62
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5 2.52¢-5 0.93 2.93
10 1.34¢-5 0.69 2.10
50 8.33e-6 0.55 1.72
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150 8.72¢-6 0.57 1.60
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Figure 6. Fitting of k value curve
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Table 3. Calculation results
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