ELT#255] (M) 2021
: ISTEANS AR (Ezl:)(«m

Nucles r Power Enﬁmu.,nnn
o 20

FETFHYLERF T N ERIR E AR SER A R 5 o
3Rk, FRME, B O, FEW, B2LA, Y K, F F, I2E, 5 B

Research on Construction Method of a Machine Learning-Based Fuel Rod Temperature Distribution Surrogate Model
Liu Zhenhai, Qi Feipeng, Zhou Yi, Li Yuanming, Li Wenjie, Zeng Wei, Xin Yong, Wang Haoyu, and Ma Chao

TELR 2 View online: https:/doi.org/10.13832/j.jnpe.2023.52.0001

L] RERRGBRE HAN SR

Articles you may be interested in

H T SRy TS AR DAL R 22 I 28 B TR ) A PR AS TR I 7 YR 5
Study on Online Monitoring of Equipment Condition Based on Local Outlier Factor and Artificial Neural Networks Model
¥ish 1 TR 2021, 42(3): 160-166

FET I 0] e 91 o 22 000 2 B 2R R AR AL AVE L T R BE 2 W5

Diagnosis of Leakage Degree of Steam Generator Tube Based on Time Series Neural Network

¥ish 11 TR 2020, 41(2): 160-167

FETPSOY A 22 P 225 0 17 THI-H2 AR B AR BE B R S8 T SETE I
Reliability Analysis of Passive System BasedonPSO Optimized NeuralNetwork Response Surface Method
¥ish 11 THE. 2018, 39(4): 101-106

T N T A2 M4 FIRPV A L4 RS 1k P R oY
Research on Prediction Model of Irradiation Embrittlement of RPV Materials Based on Artificial Neural Network
¥i3h 1 THE. 2020, 41(6): 92-95

PREESE IR AE SREE R PRSI A5 5 Rk AT -5 1 22 A5 )

Characteristic Extraction Based on Wavelet Packet and Pattern Recognition for Ultrasonic Inspection Signals from Defects in FSW

Joints Using Artificial Neural Network

¥ish 11 TR 2020, 41(1): 163-166

RO HE PN L B+ SR T 5T

Design and Experimental Study of Irradiation Temperaturein Fuel Specimen

¥esh 1 THE. 2018, 39(6): 43-48



http://hdlgc.xml-journal.net/cn/article/doi/10.13832/j.jnpe.2023.S2.0001
http://hdlgc.xml-journal.net/cn/article/doi/10.13832/j.jnpe.2021.03.0160
http://hdlgc.xml-journal.net/cn/article/Y2020/I2/160
http://hdlgc.xml-journal.net/cn/article/doi/10.13832/j.jnpe.2018.04.0101
http://hdlgc.xml-journal.net/cn/article/Y2020/I6/92
http://hdlgc.xml-journal.net/cn/article/doi/10.13832/j.jnpe.2020.01.0163
http://hdlgc.xml-journal.net/cn/article/doi/10.13832/j.jnpe.2018.06.0043

Haat WSl ¥z TR Vol. 44 No.S2
2023 412 Nuclear Power Engineering Dec. 2023

TEHS: 0258-0926(2023)S2-0001-05; DOI:10.13832/j.jnpe.2023.52.0001

E T Hl=5= SRR R E S MR EEE
E RN

Xeieg, 57, B %, F=EM, 230K, x,
B, iR, BB

b ERE B RSSO A% R N E RGBT R TS, A, 610213

FE: NIRE ISR RES U AT T ARCR, DURRHEIR BT 6, BFoE T RoRHE IR 43 A5 Tt
AP (FFR “RBERE ) PR, DUREMERMERE S HT R T COPERNIC MTHA S RAE M EIRIE, R
FH k-means FRISE LIRS EDE, NET 4 D2EERTTRMEMLS, 5336605 R H7R e
AR AE A AL S AR TR BE TN . Ase AR )L A TN L bR R a7t ] B 8 f 5 i) ARk
MR ANRE TN, BRI R AR TN . WX e R A, T LURIE A BB T 3R
SR T H RS [T 2 AR B A A . BB B . A E A B HYAE L COPERNIC #2714
$ETHL 204 455, IR BB RoRE 8 . RN EURE L, G50 B RARL B S B TR0 (%) - 2 I 22 43 51 4
0.07°C, 0.44°C.,

KR PRI BRI ARBERIRL; BTN

FESES: TL333  XERERG: A

Research on Construction Method of a Machine Learning-
Based Fuel Rod Temperature Distribution Surrogate Model
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Xin Yong, Wang Haoyu, Ma Chao

Science and Technology on Reactor System Design Technology Laboratory, Nuclear Power Institute of China, Chengdu, 610213, China

Abstract: In order to improve the computational efficiency of large-scale fuel rod performance
simulation, the construction method of fuel rod temperature distribution surrogate model (referred to
as "surrogate model") is studied by taking fuel rod temperature prediction as an example. The
calculation results of the fuel rod performance analysis code COPERNIC are used as the data
source, and the representative training data are selected by using the k-means clustering algorithm.
Four fully connected feedforward neural networks are trained to predict the outer surface
temperature of the cladding considering the effects of coolant flow heat transfer and oxide film
growth, the radial temperature distribution of the cladding, the outer surface temperature of the fuel
pellet considering the effects of the gap variation between the fuel pellet and cladding, and the radial
temperature distribution of the fuel pellet. By combining these neural networks, the temperature
distribution of the fuel rod at different times can be quickly predicted based on the input fuel rod
power history. Numerical experiments show that the calculation speed of the surrogate model is
about 204 times faster than that of the COPERNIC code, and it has high accuracy. The mean
deviations of fuel cladding and pellet temperature prediction on the whole data set are about 0.07°C
and 0.44°C respectively.
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Prediction Based on Multiple Neural Networks
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Prediction of Fuel Rod Temperature Distribution
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Fig.2 Comparison between Predicted Value and Reference
Value of Surrogate Model
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