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Abstract: Accurate prediction of key parameters of lead-bismuth reactor under accident
conditions is an important content of reactor safety analysis, which is of great significance to
improve the safety of the reactor under accident conditions. In this work, an optimization algorithm
is used to improve the prediction performance of the Long Short Term Memory (LSTM) neural
network by hyperparameter optimization, and a parameter prediction method based on the coupled
optimization algorithm of multivariate LSTM neural network is proposed. For the parameter
prediction problem of lead-bismuth fast reactor MARS-3 under unprotected loss of flow accident
conditions, a comprehensive evaluation of the proposed method is performed using Technique for
Order Preference by Similarity to Ideal Solution (TOPSIS) method after data samples generated by
the sub-channel code SUBCHANFLOW. The results show that the prediction performance of the
multivariate LSTM neural network coupled with the Particle Swarm optimization method is
optimal, and its computational efficiency can be improved to 438 times that of SUBCHANFLOW.
The relevant research results can help improve the efficiency of predicting key thermal parameters
of lead-bismuth reactors and improve the emergency response capability of lead-bismuth reactors.

WimBHET: 2022-10-14; fEEBHI: 2022-12-02

ESUTIR: ERAKRFFES (U21B2059) ; ERF T RZAETT R0 H

&I 3L g (2001—) , B, AR, SAFRERAS TRTEIS, B-mail: 2394541994@qq.com
*BiESE . BNEFE, E-mail: pengcheng.zhao@usc.edu.cn


https://doi.org/10.13832/j.jnpe.2023.05.0064
mailto:2394541994@qq.com
mailto:pengcheng.zhao@usc.edu.cn

T M 2R LSTM 500 MR B Bk S Nk S S 2By iE 5 65

Key words: Multivariable long short term memory (LSTM), Optimal algorithm, Lead bismuth
reactor, Accident parameters prediction, SUBCHANFLOW

0 31 §

BRI SRR IS . FHARTEERRE JT0R |
BEIFI SR DR R, R R
ST SRS T AZRE R GE . HB S M 5
TS HOIN T DA B I W s A IR, Sy S
Rl R T, AR, BEE AN TR EE
TRIARWT R, Pl 2 25 0 FH 1 s b E S 8
ToOI 2 S — R AT AT I T R

BEXT 22 25 TN OGS E ) 8, B E
Ao %%%Tﬁ%mnokmﬁémﬁm—
A BICTZ (LSTM ) B ZHHERLG 2 8 R3E
AR UE T HA v, EARKREYRAT
F 38 W AL 4% (BP ) 128 W 48 S LA TR0 v ]
SERPRHE AT S HGA T R K RS
T-S BRI R 5 BT T —FpEE X o5 3 20 1 7
BT 4 2 5 P S STy R L
PAFSE T ST DR A B T . AR
K, LSTM #1422 75 S0 Jy Tl iy A1 2
PR IMEZ2EF U, M 2 A
LSTM 1 28 [ 48 MR 00 1 Bl T 7KK A, PR B
AN ST TR LSTM W 445U R I 1 Xk 2 v 3
BT UEN] T A R, EE
PR T 278 B AR LSTM #2445
MR K K A2 PEAT T 5 Lee ZF U B F LSTM
PR LB TR TS OURTT T AL, R
P FARAETE R, EOCT RN HES ) 4 2
BEEHOKHE, Ak S5 3k S 5T F 98 4570
LSTM 1 28 [ 48 7E 1 22 403 S 5 Tl 5 T 8 28 4%
WEIA BH R BERE, {5 LSTM MZe 4% 1)
ﬁmﬁFxH%E%ﬁMWMﬁﬁ H A%
B SRR 2 R T 2R, XA
P26 B TN PE REARXE R B e . Mk, ARSCRH
R EXT M SBGHETIE, DR
ETMIPERE o

A5 Tl iE 2P SUBCHANFLOW A=
BEHEREAS, SRS Z AL 5R 5 LSTM
P22 I 285 )RR S DA B e I 2 T PR R, R e Al
FH A T BRAR A HER ( TOPSIS ) 3254 04N JLFR
Bk, AR R R SRR T

1 BERSHNTGE
1.1 LSTM #HZ M4

LSTM i 22 [ 25 A1 — T Rp R G B 4 22 0
% (RNN) , X FARLRPER R ] B %, "]
VA RICHE o — FECAVE B it 22 19 245 (1 56 58 g K T
FIRTE 80 2 W T B S i o] Fp 1 7 . 2272
5 PP 8 B SR A R AL
BYEL S NHE XS, FEFTT LSTM Al 28 9 45 %
T SHIN R PERE

LSTM #2228 BATHYSS I DL 1. 28 Y
SEAR AT LASE BRI S i b e e R B A 35

N
llb‘/fﬁ ;%\ o

N /

Fl1 LSTM £ M4 s
Fig. 1 LSTM Neural NetworkUnit Structure
ST AT o] o —4IBRITIRES s h—
Be 02 R 2 5 x—LSTM Hi 28 16 2% B0 5T 1 B Uz i A B it 5 o
tans—sigmoid *ﬂ tanh PG BREL; TRR (— R 4% i %)

YR TOIRES ¢ MY TR B AR R AR, T

L 0 PRSI i M Firi AR BRI S A5,
TE ¢ B ZI R B OC i A BAE YR A . b —BF %)
B%HEC}:'/UW‘ ey B —BF 2N TR o0 K
W&t £, i, Mo, Z )5, AT HE Y
TS 2046 1 2 RS AT TR 0BRSS

N
f; = O-(Wf X [hthxr] +bf)

i, = (W,x[h,,x]+b)
¢, = tanh(W, X [h,_,,x,]+D.)
¢, = fiXc. +1i,XC,
o,=0c(W,x[h_,x]+b,)
h, = o, X tanh(c,)

(1)




66 ¥ g o TR

Vol.44 No.5 2023

b, WRHMRIZERIALE ; b 1T i

LSTM Hft 22 [0 £ i U 14 RE — e 22 2 21 2
HESERIRW, MR FI%R | R
TR NGRS, BSEORIZ  2% B WS SOk
FRCRABR M i, A SO AL
PXF S EOHAT L LA B iR LSTM i 22 R 2%
AT RE o
12 $HRUEE
121 HFREEE K THFHE (PSO) HIAM
ORI E YRR g — R E SR hLH . Sk
HY BRSSP RT DL D 4 28 s ] B — KL T
BRSSOk Il L R
B4 G0 (2) . 2N (3) KRBT ES
MR BB E
Vit =zxvid e, X X (Pl = s+ e XX (pl,—si,) (2)

s =+, (3)

A, VORI ¢ IR s 5O ¢ 2R L
By oBERTS o oW ARETEFEUE;
rie ONTE [0, 1] WML LS p R ¢ I ZITE
dHEE FRRRER RS p e bl AR H
B LSBT A s, 0 ¢ NP ZITE o 4R Y
RAEGLE . BRI T RE R 5T
£ € SU LRV AT E 2 NS S E NTIDVAREE )
]z B — RSk
122 BEHEE BIERE (GA) LY
5 H ARFREE st AL F AL ek R T AUy
I 4 SRR R AR . BRI BAOLBRINT

(1) #tafe: ERRHANAE G, X LSTM
M2 P ZE BB T2 R 2 T SRR AR Bt
Fromtty, JEREHLAE ARSI R FRRE .

(2) MAETEHr s DL A A 2222 R
TN BE R, TR P A AR IE I

(3) deffiafa. PR TR TR, R
PEAVRAGENEE, SRR 0 RAMAR R —UAiE.

(4) ZZXBH: HUAFERTRAIA, Xt
HerP RO NA, DL— @ MRS 7k ay, U
PR AMA

(5) BFE% . FLRE TN THRE, X
HerP AR, A— @ MR U — A B S L
(EONHAB RS AL RE N o R 2R e | S8 SURIR
SR Z AR T —AURRE

(6) Zebia . P RBOR AR RR

BB G F, FEEIBER (2) dkekitfh; Mk
SR RIREL G B, W E A R a2
LA 3 7 B e e I A BRI, 2kt 3R
123 EFEFEE @A % (QGA)
R TR GA S5 5 R AR B M A
BT MR TESE N GA, QGA fgRE A A RIHE
AU, I B A WS B R AR S . QGA Tr it
TR EFBMIEMZ -, KE T HARNILE
W 2R N FH T YL R gt , (A5 1 A geafRn] LA
RKIKZAEWEM, JFRHE 258 TS
TR BIERAE, AT SCER B AR AR
T RS . QGA (& T R gL

OGS, 1T R R AL T 2 45525 H)
s, .

lp) = l0) +pI1) (4)
A, ol B4l A AN 10) A 1) O HEE %R e
Hif Rl +187 =1, laf . |85 5T Elp) b
NI 310y 2501 1) A AABE

T THE R QGA i FH & Flied ] SE s

HERIE T, G TR AN
KR K A RE
K, oFRREFTINER M, HI/PHFFSH
AT AL TR M A o
124 EEEZE WHHRLE (WOA) B
FFREAT MR A — Rl AL B 7E WOA
Ak, A RS A BEAR AT TR,
TR G B AR ST R S B A
HRIEM.

B AR Y AT T i s A B oA
Y, A RS PR S0 ) A e A o ) fi
sl xR E A RN

Xt + 1) = Xoi(ti) — A ICXo i (ti) = X (1) (6)
K, Xt H Y AT BB DL E 5 X (b
FYRIER AN E e e A ATIEIRIREL 4 FICH
REAS A,

FAEAT N ARAEE A DS TT N, B LIR
iz RIS, ST B
X(tio + 1) = [Xou(ti) = X(t:)| - €" - cOs(2m ) + Xbes,((ti,;,))

A, bR b AEE, HRE IRLIEIR; [
& (=1,1) FRELEL
HREY) . WREYNT, g 1 HEEHL




T M 2R LSTM 500 MR B Bk S Nk S S 2By iE 5 67

(R RIEESIE

Xt + 1) = Xna(ti) = A |CXa (i) = X (1) (8)
K, Xoa(ti) G HTHEA AL 1 R0 A7
13 ZTELSTMBERLEX

K2 LSTM M M 254y, i FHZ Rl
ABBATIRRT LSTM LML (IR REL . 250K
P 2 o e SRk, TR LA 2,
BARETRINT .

(1) ffiflFiEiEFE Y SUBCHANFLOW A i,
Wl TR | iR, BEHEHTT Z-score
Tt PR A A5 5 2 4 52 i LR Do 245 AL 85

(2) H%E LSTM 1 [ 4 v tef il 14 BE 52 il
RS, SRR S R
FEARUEL

(3) Wbt e Bk P =%, 4 PSO
DL K WOA PUMHEACEE | 2= I+ 2= #E
BARREE S B GA R FR | AR Fil
FEEC SRS

(4) T RACTE LD LSTM B i3
A, DL LSTM T 4E iy - M XT 12 2% ( MRE)
VB AT 138 10 R, (8 MATLAB
TIRRP B SE BT 2 4B S8 AR
R RS R AR, RIE AR
BB T A LSTM #4128 ) 24 T30 /) MRE 134 7
HRi%2E (RMSE ) |, 5 — Pk BE S iy

(5) FIBPL AL R R R Ak 4. s
P25 A58 IV B 1 A TA B FUE MRE HAEAR R BN T
B KA U gk 22t 4k, #7381k 58 B 1 i
MRE s & ERRBGE S T e AR 1R

(6) e ¥ xR T AERT S g T A
J¥ SUBCHAFOLW 82, 2 B PEM iz s A (1) 11

S, n
215

MRE:-EL77_—XIWB6 (9)

RMSE = (10)

n

S, BN 5 W ECS R A A

2 HEHIIE
2.1 NEUSRELR RIHE MARS-3
MARS-3 2 P 26 308 R TR R 2

SUBCHANFLOW
A O
f
X EE A T Z-score
PrifEfb b
)
FEL LI __4m%ﬁm?%ﬂ§ﬁ|
: L
P T
+ P oy - <
yTRTRs )
LA -LSTM —
il 2 ) 24 A 70 FIAAAS o A 1Y)
s A
— PG | prees
A

RFAL S
ZALAAF

| gi‘;;eﬁLSTMIXXJ%EZ}%ﬂ

K2 HRmEE
Fig.2 Calculation Flow Chart
Sy 2 NECP BBy — iz i i) /N A
VRN NIHE, HEE SR A T e s TR PR i3
T M EAT 6 Pl il MR PR . SRR
A R ERm . RSB
A, HeESBIHSEILE 1,

# 1 MARS-3 HELRITHE
Tab. 1 Design Parameters of MARS-3

BH HufE
AT/ MW 3
FMEA/m 1.06

Al L /m 1.15
HEE AL 6.60
He S5 1/EFPY 6

(B ENFA TR /K 603.15/723.15

F WP E R R ke 1265.38

BEFIFHE (m-s) 0.958

A rEs MR R SR /K 749.34

PRI FEFE AR /s 10.0

EFPY — 354805 U 347

2.2 HIERFEEARIREL

TP R FH L (ULOF ) 2 i e 5 i
Ve ENFA RO e e | W ENFIIRE R AR . A
TG AR LA R R BT S 800G, S S 0 3 2E 44 #r
R R BRSS, HIk, AROOTE
MARS-3 7E ULOF it T X576 5 e 1 5 0



68 ¥ g o TR

Vol.44 No.5 2023

BEMIATST, Horh 2% ) ULOF SHiue i H17) &
TR FE . ULOF S A HFH T A
TR, AFE THIHRIER 30%, MARS-3 jiiE
B B[] P 80 G P 3 BT R B R i 41 LA
F 1% MARS-3 M HE S & it 2 3 A F
SUBCHANFLOW F&J7 i AR, S feasisy
X388 O AR B Y AR R HL A AR
(] e ) S AR ) D8 L BRASZE A PR T R 25
I A A AR K 5 T R SR SRR
e i RGEGE ,, #R)5 1217 SUBCHANFLOW
B, AR ST, fET
AZE IR PRI 632 BN HEE A B, ULE 4
A 5,

ME 3~ 5 ] LIE ), ULOF i S8
O HIFI R T REIE MRS T X HE S R HI AR
AR B W T . S RERETE; H
FHES I FARE R R BHECTIR TR, biS
TR E TIEORR 30%, R 2500 S8
RRFEZWORGE, IR AR LA HI R
576 TR S st m UG TR, FRfEsTh
160
140
120

100

idi/(kg + )

Ul

=)

6 80t
B

60 -

40 1 1 1 1 1
0 100 200 300 400 500
Hsf /s

€13 ULOF v H0750 i ek B ) ) 22 1k
Fig. 3 Coolant Flow vs Time in ULOF Accident

30
2.6

22F

/MW
P

0 100 200 300 400 500
I 1) /s
K4 ULOF ity i [a] 1942 1L
Fig.4 Core Power vs Time in ULOF Accident

0 100 200 300 400 500
s [a)/s
K5 ULOF 2l fu 5 i e L EE S 18] 28 £k
Fig. 5 Cladding Maximum Temperature vs Time in ULOF
Accident

FRE RS m IR E RS TR e, WS,

XFEHR HEAT Z-score A AL AL 2 DLTH B X 25 4 £

YA ZE KRB A R E I 22 5
Z-score FRifEAL A :

X—X

X = (11)

=
Ko, x MR EE s T IR AR B Y ) 4
o R AGER PRI . o AbRHEAL S A
2.3 ARG

AR HE AR 5 0 8 Al T 70% 1 8
BITT 0~350 s AUBRAE I ZREE s Tl 30% FO4L
i, B 350~500 s AYELHEAE A FOMAE o B 4H B
R AR R . HEOCTRIE ARG, 5t
R EEAE N o 25 R R 25 X 45400 L AU ) B
BLPE, BERMERIAEST 10 Y, BUMRE A AR
PIEAE A B ZE . ISR 45 G LSTM
LRI, A A HIMEF LSTM #Z2X)
% . PSO-LSTM M Z [ 4% . WOA-LSTM #i 25 4]
%% . GA-LSTM #HZ M4 . QGA-LSTM £ Mm%,
XA B e Y T A 7 0 S o L T R .
WY LSTM 28 W 28 8 S HGE UL R 2, Hg
4 PR LSTM 4% B8 S 4500T DL P Ab 38k
Wi, I 4 FPEALE R R MG S EAEART]
R RERRECH 70, ERWESRM . FEES:
15 YA B bR eREUE R AR /N T 0.001%,
FHRER /N 50, AP GA 158 UHR 575 GR35
B 0.20. 0.03. HHXSEUGWIHILTENIS, TG
ff FHASBE ST ULOF SFi T80 5T e e i
JETFR M, ANFERALTFE L -LSTM it 28 X 4% 11 12
FRISEE B SR G O A SN2 3 A 6 Fis .

WRPEZ 3 0T, HFEM AR R IRES S




T M 2R LSTM 500 MR B Bk S Nk S S 2By iE 5 69

#2 LSTM MMz S E
Tab.2 Hyper-parameters of LSTM Neural Network

SR e
LSTMEE % J2 241 1
WIREE 2] % 0.005
2 3] HUR IR 0.2
Ko )2 R 300
BARUEL 300
YA R Adam

3 AR L2 28 SRR R T i 22

Tab.3 Prediction Error of Different Optimization

Algorithms Combined with Neural Network
Algorithm
Ay FR | PEAEIIES
TN A W'ﬁg'ﬁ MREx100%|RMSE| X} EEE i
’ /% s
LST™M 0.041 0.347 | 0.108 | 300

PSO-LSTM 0.013 0.834 | 0.142 | 216 428.9

flre

s WOA-LSTM|  0.009 0.480| 0.140 | 253 4000.8
il

GA-LSTM 0.011 0.786 | 0.170 | 105 11726.2

QGA-LSTM| 0.010 0.381| 0.114 | 300 4972.4

0.055

_ - - = R TR
0.045
°
(=}
2 0.035
X
m
a4
= 0.025
0.015 B.\"
1 1 1 1
0 10 20 30 40
EARUEL

K6 4R LIFIsmsil
Fig. 6 Convergence of Fore Optimization Algorithms
M2 MR PERE AR PR AT : MRE*100% . RMSE,
OHRRZE | AL 28 BTl AN 2RI T, X2
— N ZAREEEITFH R R, TARAL-TOPSIS J5
R — P LR R 2 AR R A PN T i o AL
VEAE Ry — T WUASL ) 7 925 T LA B o B S b e
H IR bR AR, TOPSIS ¥& X FRE 45 fift i 25
2, FEORES TRV E b SRR . R
HIRE B R IEA TR AL BV, R—Fh 2 HARTk
W H Ok . B R A0 T RS R
MREx100%. RMSE. f KA 1R2%E . il

J it B I S s TR AR 43591 R+ 0178, 0.179,
0.369. 0.274, RJFHETHEGES B HAUE, fif
H TOPSIS ¥ 7] D it 5 i PSO-LSTM, WOA-
LSTM. GA-LSTM. QGA-LSTM % 1= (125 41T
WHET5 K 0.647, 0276, 0.066. 0.375, H:
H PSO-LSTM 5% I 255 1T I 5 KT GA-
LSTM 1Y /Iy o &% E 43 #r, 7 LA 45 5] PSO-
LSTM 125 0 48 47k A LR By A 2 rh gl 4 i
= ilo

B, i PSO Bk fb LSTM i 28 X 4%
S HOT I ZRbs M 2587 5 SUBCHANFLOW
X AT, PSO-LSTM #HIZ MZEHERT 65.13 55
SUBCHANFLOW #E B} 28533 s, HJl PSO-LSTM
P 25 ) 24 1) iz 47 I8 [A] 42 ) SUBCHANFLOW [
0.23%.

ZER IR, 78 ULOF S TO0 N A s i
fU T IR T, PSO-LSTM #1248 5 vl L)
A 3 R[] A1 e 20 A5 38— Fefr b 30 g X 4%
R, HAERRIE SUBCHANFLOW FEF 438
7, I, B KRR T Rl A, AT LA
FERYER N HESE BRI AT e bRk | A A A
o 0t e i B DI S s e e s 07 %o 45 e, A 32
2 [ S RV N T iy 23 T 4 SO 4 A (1 =1
TR N HE R O S N BE T o

3 & it

BEXTEEL S N HEF S A IR R, AR SC
PU/INEUE ARSI R HE MARS-3 HBFGET 4, i
FAFET 275 B LSTM #1228 [ 4R A A0 A B3 A
RIYE ULOF ST I T /NS Bl S5 iy HE S 500
MEEFSE, 5 FRF-TOPSIS W& S TEM ISR T
T R B AR A SR Rk S AR gt
J¥ SUBCHANFLOW Hyiz fTifaIfE thds, &
B UFAS DL 4518

(1) 5 WOA. GA. QGA Lk, PSO#i&
LSTM 4125 I 48 B0k A0 A 50 B e T B 1) T v 3%
PR B PG ) TR B

(2) 7EAMHFEIESEE T, PSO-LSTM 4% 4%
(3B A7 )4 A SUBCHANFLOW £ 0.23%, %
KBRS T ERCR, TR AR S 0 3 i
IV Ak B B LA A T AR e o B [

A SCHR ) PSO-LSTM # 28 W) 4% J7 1 1



70 ¥ g o TR

Vol.44 No.5 2023

ULOF eI X 4 7 fi o 12 TN A AR g 1y T
R RERITHSARCR b LA B v A Bk S O HE A 17 5
M 7 R ) A28 S PESRIEROR ST . fEJR SR TAR
o, Rt — 2 BRI A AN [R] B 3 2 i T B0 Y
WHoE.

S0k

[1] LORUSSO P, BASSINI S, DEL NEVO A, et al. GEN-IV
LFR development: status & perspectives[J]. Progress in
Nuclear Energy, 2018, 105: 318-331.

(2] SIGHE, ENI, EIR, 55 10MWHTEL ZITRMETCOR
PR T ARBE RS 73 A (/20 D e 222 ) )
T A AR BB PR SN HERR T K I HOR
SR 201 S4E A ARAE IR SCAE. bRt TERRRAESE
HESCVE TR 5 2 A AR SR, 2015.

BRI, AR, B, . L TLSTMAR LR
fr ZRHIERLG 20 RS TN (7] #%3h 01 T/, 2021,
42(4): 208-213.

[4] 2RAR, BAX, T, % HELEIER TS
149 3 N BPAZE 16 2 T Ty VRIS (0], T RERL 24
A, 2020, 54(10): 1809-1816.

[5] RRR, Z&FH, TR, & BEHEDAER
XTI, R 5 TR, 2016, 36(3): 299-305.

[6] v, ¥k, WESLEY HJ, 45 JET -kt
HURY il T 00 T By D T30 0], 4% 8h ) T A,
2019, 40(6): 105-108.

(7] PMILHs , BXIRAE, AR, 4% ZARELSTMA £
ZRASANTE T AR A B A R (] AR BT, 2022,
44(8): 69-75.

(8] FhELBE, RN, T BRI I 0 28 N T 65t
R AL BB AT SRS B R DT 0], 3
TR, 2022, 43(4): 185-190.

[9] EMAL, #hEI, EWrdH, 4. 5T 2L RLSTMMZ
I 285 4 Ml T K KAL), 5 MOl kRl
R, 2020, 50(1): 208-216.

[10]LEE D, SEONG P H, KIM J. Autonomous operation
algorithm for safety systems of nuclear power plants by
using long-short term memory and function-based
hierarchical framework[J]. Annals of Nuclear Energy,
2018, 119: 287-299.

(8, T, £H4, % ETARIMAFILSTMAf

228 (1 5 B AR S T CBU A A B AR 72 (], BRAR
TR BEAE, 2022, 49(16): 2903-2907.

[12] %8, B, B0, 5 FLTFLSTMAZ ML 5 hlnt
S 0 A i H sl KUAIL S B 10 (. AARE B ) T AR
2022, 37(8): 213-220.

[13] PMHEAT , FAE 4. & T PSOM AL LS TMH 28 9 £ 1 HL
PR 05z B AR R ST 0], IR R, 2022,
45(13): 40-45.

(4] X075, ®hp, B, % S TPINNVREEHL 24 ) F
AR Z b 1o BT RE). B TR, 2022,
43(2): 1-8.

[I5]CLERC M. Particle swarm optimization[M]. UK:
ISTE, 2006: 93.

[16] MIRJALILI S. Genetic algorithm[M]/MIRJALILI S.
Evolutionary Algorithms and Neural Networks. Cham:
Springer, 2019: 43-55.

[177WANG H X, LIU J Y, ZH1 J, et al. The improvement of
quantum genetic algorithm and its application on
function optimization[J]. Mathematical Problems in
Engineering, 2013, 2013: 730749.

[18]MIRJALILI S, LEWIS A. The whale optimization
algorithm[J]. Advances in Engineering Software, 2016,
95: 51-67.

[19] EmeHE, XBEil, FruE. J T SE LR )
g TN AR AL (7). [ A0 PO 4R, 2022, 41(6):
152-158.

[20] i, —Fh 3T B3PSO K. 9 LS TV 328 51 1 5 54
[J]. AR HL T A, 2022, 42(8): 120-124,154.

(21w, FEche, BP0, S5 ok SRR RA L
LSTM AL i 3 G fr B0 D). AR R, 2022,
45(21): 122-126.

[22]JING T, JUNG Y S, YANG W S. Stationary liquid fuel
fast reactor SLFFR — Part II: safety analysis[J].
Nuclear Engineering and Design, 2016, 310: 493-506.

[23]5K—WL, XIHHT:, HRE, 55 /NEHTE TR
BEEMHI]. JRTRER2EHAR, 2020, 54(11): 2081-
2088.

[24) VL4, SRARED, KR4, S FETUF-TOPSISH:HY
BRI T T84 S0P K 28 SRR 23 A (7). BREPG il
R AP, 2022, 50(6): 113-123.

( TGk KAL)


https://doi.org/10.1016/j.pnucene.2018.02.005
https://doi.org/10.1016/j.pnucene.2018.02.005
https://doi.org/10.3969/j.issn.0258-0918.2016.03.001
https://doi.org/10.3969/j.issn.1000-1379.2022.08.014
https://doi.org/10.1016/j.anucene.2018.05.020
https://doi.org/10.1016/j.advengsoft.2016.01.008
https://doi.org/10.19652/j.cnki.femt.2103537
https://doi.org/10.3969/j.issn.1672-9730.2022.08.025
https://doi.org/10.1016/j.nucengdes.2016.10.023

	0 引　言
	1 事故参数预测方法
	1.1 LSTM神经网络
	1.2 优化算法
	1.2.1 粒子群算法
	1.2.2 遗传算法
	1.2.3 量子遗传算法
	1.2.4 鲸群算法

	1.3 多变量LSTM耦合优化算法

	2 算例验证
	2.1 小型铅铋反应堆MARS-3
	2.2 数据样本获取
	2.3 模型验证

	3 结　论
	参考文献

