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Seq2Seq model
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Abstract [Background] The accuracy of transient thermal-hydraulic parameters within different operational states
of a reactor core is crucial for reactor safety. Rapid and precise prediction of key thermal parameter trends is essential
for enhancing reactor safety. [Purpose] This study aims to propose a novel prediction method of reactor transient
thermal-hydraulic parameters based on Sequence-to-Sequence (Seq2Seq) neural network model for improving the
accuracy and speed of predicting thermal parameters to ensure the safe operation of nuclear power plants. [Methods]
Firstly, Long Short Term Memory (LSTM) neural network was coupled with the Convolutional Neural Networks
(CNN) to form a Seq2Seq (Sequence to Sequence) neural network model, and the wavelet decomposition was applied
to preprocessing thermal parameter data. Then, the SUBCHANFLOW sub-channel program was employed to
generate data samples from the China experimental fast reactor (CEFR), and results were comprehensively evaluated
using the rank-sum ratio (RSR) method to derive an optimal prediction scheme. Finally, the generalization ability of
this scheme was further assessed through time-series-based K-fold cross-validation and bootstrapping methods.

[Results] The coupled CNN-LSTM Seq2Seq neural network model exhibits superior predictive performance, with
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high accuracy and robust fitting capabilities. The maximum average relative error recorded is 0.552%. [Conclusions]

The developed Seq2Seq model in this study efficiently extracts time series features and demonstrates strong

generalization capabilities, providing a valuable reference for predicting critical thermal parameters in reactors.
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Fig.1 Neural structure of LSTM neural networks
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Table 1 CEFR core design parameters

Z4) Parameters H{E Values
) Power / MW 65
ZHAE PRI £ Number of fuel rods in the module 61
15 M [X 51 2 Height of active zone / mm 450
WAK}FE EL1% Fuel rod diameter / mm 6.0
£157¢ )5 Shell thickness / mm 0.3
A%/ 4% Core block outer/inner diameter / mm 5.2/1.6
Ok 1/ 1B Inlet/outlet temperature of the core / °C 360/530
E i1 58 22 B2 Positioning winding pitch / mm 100
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Fig.6 Comparison of Mean Relative Error (MRE) among four

encoder-decoder combinations (color online)
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18] 5% %5 4 190.038 s. CNN-LSTM [#] MRE. RMSE+
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0.772 28.0.552%. 11" % MRE. &t K M *f & % .
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Fig.9 Comparison of the training time among four encoder-
decoder combination (color online)
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Fig.10 Comparison of temperature between CNN-LSTM
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Table 2 Seq2Seq model prediction error of different encoders-decoders

T A & PR BT S84 (i i) 35~ B %) MREx  RMSE IR R R 1R 72 LTI 1| i ]
Predictor variables Neural network model structure 100% Maximum relative ~ Model training
(encoder-decoder) error / % time / s
BrE R R CNN-CNN 0.142  1.11274  0.878 190.038
Maximum shell temperature o\ 1 g7\ 0.099 077228  0.552 404.467
LSTM-CNN 0.247 1.69233  1.123 467.045
LSTM-LSTM 0.137 1.11749  0.855 289.722
3 #HEGZEE SR Train Train Train
PRI 450 A0 PR R 2 0 £ R 2 31 52
DU HE) R I RE ST o 12 A0 RE 2 i R R 22 Y 25 17 | il
REDL B — DM T . PP W E AL A RE e
D785, F7l A ) — AU (0 € et e , T A R
etk BRI T I R R e A Test
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K #7838 SCRHIFIE e % FH T V1A ot 22 Do 245 A2 23
(T RE o 1 HEAN I 1] 77 510 10 B30 42 HR B[R] it 1) 43
kA RANFEEE R FEA 782, SR J5 AR Ul [ kA
. R RINGMEGIES RS, K — 7145
VE NGRS, T H AR B k-1 DT NGRS, T
iR . BARGIE 11 s

B 11 test R an MR EE , train BRI R . B
] 5 31 ) K AT 3838 SR 7 06 T 34 TS 5 i o8
INFF A S (1 DL, CRAUEASE BY 7E AR I ] A B iz
1hHe ST

B k=5, 45> SUBCHANFLOW 3143 (4074 B

11 BT )7 B K A7 & S0 A8 SR &
Fig.11 Schematics of K-fold cross-validation based on time
series
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Fig.12 Loss function of CNN-LSTM neural network with 5
folds cross-validation (color online)
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UE BT AR 2 o 5 IR TE S (1 ~F 3548 43 73 R (AR IR R
e RAH X R 22, AL I 2R [A] ) 0.237%- 1.650 90+
0.704%-.247.508 s. H13& 3 A %1, CNN-LSTM #4 & 1
Seq2Seq i £ M 25 (1 & Fh T % 22 2 30U I 25
A5 4E . 5 /NA MRE 3 B, #5280 %5t H A5 2 B
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Table 3 Prediction error of CNN-LSTM neural network with 5 folds cross-validation

T A RE MREx100% RMSE I KHIXf iR % BRI 2R 8]
Predictor variables Number of times Maximum relative error / %  Model training time / s
BFE R IR 1 0.426 2.72232  0.796 82.953
Maximum shell temperature
0.288 2.080 65 0.926 154.763
3 0.153 1.09382 0.528 247.583
4 0.200 1.404 01 0.549 339.037
5 0.116 0.95369 0.721 413.203
3.2 BERIE 10" -
DR8I B % B IR AR A AR 2, 82771 { R
MREA NG D, 72855 D h &R IR BEN LBk ik — 0T |+ Lossd
s \ N % — IS — oss4
ANPEAR, 3645 DU\ AR 42 D (new) H , [ 4 2% B T *oy O s
. % SRV SITPN y 5, S S
KI5 MO D o B R R A BB E T — K ;o) Ty,
R HRES], EERAT 771K, BREE 771 - L x‘j«{;ﬁ;\_,
ABEAHIHORSE D (new) . 1 T4 4E D AT — 20 S S
IIFEARLEHIEED (new) PEE HI, 75— A2 ~
I T RAE 771 UCRFEH MR PR LRI 2 2 o I S T R T T
NI R =TT 0 50 100 150 200 250 300
A=1/m)" s m NFEARLE, B PR %0 - Epoch / [-]
. 1\" 1
Hm(i-n) 10368 A0 mis onsTmRSa
CREFE WL I 258 O
Fig.13 Loss function of CNN-LSTM neural network verified
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CNN-LSTM # £8 [ 45 5 1 [ 3256 UF 1) Tl 7 22

five times by self help method (color online)
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74 CNN-LSTM £ /4% 5% B BIAKIER TR E
Table 4 Prediction error of CNN-LSTM neural network verified by five self help methods

T A & W MREx100% RMSE  f KARXHZE % BRI RIS 7]
Predictor variables Number of times Maximum relative error / %  Model training time / s
L I e P 1 0.062 3 0.45761  0.796 481.099
Maximum shell temperature 0.060 2 0.44218  0.926 448.932

3 0.080 7 0.58993  0.528 437.014

4 0.060 4 0.43845  0.549 446.559

5 0.044 1 032750 0.721 438.514

4 L5iE

B St Wk 2 i L M M 8 DG B A T S BT 1) 1]
RO, A S S 4 Y LSTM L CNN #54 [1) Seq2Seq #H4:
W28 15, 33 FH /N o R A B AR e AR . L vkod
it SUBCHANFLOW 75 F1| [ 52 56 B i A A 048
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