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Abstract

The critical flow at the break determines the speed of coolant loss and the depressurization rate
of the primary circuit. Carbon dioxide (CO;) reactor undergoes physical property anomalies near
the pseudo-critical point, and the supercritical carbon dioxide (SCO;) discharge process involves
cross-critical pressure reduction and calculation of discharge flow rates in different phases. Exist-
ing research lacks a high-precision critical flow model with a wide range of parameters. Data-driven
methods can improve accuracy based on a growing training database. In order to quickly and ac-
curately predict the critical flow of supercritical carbon dioxide, this paper establishes an SCO;
critical flow model based on deep learning methods. Through sensitivity analysis, the feature in-
put of the deep learning model was determined; using the Recurrent Neural Network (RNN) as the
framework, with K-fold cross-validation and L2 regularization, a critical flow model SCO,-RNN with
higher prediction accuracy and stronger generalization ability was obtained. Then we selected the
best hyperparameters were selected by the genetic algorithm. The average error of the predicted
result of this model is 4.88%, and the maximum error is 14.24%; the average error of generalizing
to unseen data is 5.73%, and the maximum error is 20.45%. After using transfer learning, the av-
erage error decreased to 1.75%, and the maximum error is 4.15%. This indicates that with the
upgrade of database, there will be higher accuracy and better adaptability. The generalization re-
sults of new data based on the trained model show that: the deep learning model meets engineering
requirements in terms of speed and accuracy, and can establish a high-precision and high-efficiency
critical flow model with a wide range of applicability.
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2. REFEIJRBIPNEST
2.1. MANSEWHE

N R RR P 2 DD AU A Y R AR AR &, I AR () B S O AT T UM T (B D). B 1(a)
RS EORIET JP Chen 25 A\ [10]HISEIGEHE, FH R BIRZIUE N 308.35 K. i A E/Z N 1.35 mm. [ 1(a)

Al yoz VA FE il HELL R LA snT 0, FRATTRT LUK R 5 i =20 JI AR RN R, WS 2H rh 1) A
yoz PR G i R W B KRB, RERER/DN. 75 xoy “FIH N DR AL S5 S 4PAT T x
B A, AR S K AR EEAH RMEE AR, WL () 5 AE yoz T B LS R BEE T s
K, RERELK.

B 1(0) S5 E 8 I H Guillaume 55 A[111555, FoREKAEH 168, K77 10.1 MPa T, Ja itk
FE 3.8 um FHHHL N IRBER T B E MR, BRI b A IR R PRI PR . 7E Guillaume )52
[0 T MEHIREFE RN, bR T 2 Z KA A 2 2K T 2 R e P B o e AT TR R R
FERAZEL) 3 N ER . ARG AT, BB N EES R 7 2 R, Il 5808 & 1)
JERE AR R R E . WENRERES A RERIAAZEL 15%. | IS5 SRS .
ZE L RTIR, WA B A R A N R R AL TS BRI R R, KA. O EA
R IR ISR 32 S A 1 TR SR I B T S

R, TRFESE IR U85 282 s, b 189 LHAE KIS T SR S5 NI SCO, I FHi 5256
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R744 5578 P AH L S 568 AR 43 BT [10]

2.2. MiRLGSHIRITE

RNN & —2LUF IR NN, 75550 00 7 T3, X P S AR 2 MR AT 25 2] i B
— RSBGPS H RNN R A AR . TR a2/, A A% 48 RNN A58l
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Figure 1. Sensitivity analysis of key thermal parameters to critical flow rate
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GAMRIRAEAE, AW G| T L2 IERIME . L2 TR AR R BB R — AN S 4000 L2 Y6407 5 i
NAHR, B SECF T BRI N R 2, BRZIERIB R AR . TEE LT, L2 B
WS REfs (e — B AR RIRTHZ AL MERE[13]. BUEMRECN 4.0 x 107%, YIZE M IREN 4.80%,
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TRERHSGE .

A BT AT PR L5 4E, X RNIN RS2 () Raek 2 2 B5ORN T s B0EAT T Ui, e | fow. M54
SRR BALE — 8 Y0 [l N PS5 AR 3 2 B B2 B 3G N PRI, M2 80K T S e bz s, i s AR
e B AERRGRZ B 5 AT A4S B s/ ME, H[R] 2 2R FLES, 3 B AP35 AR 6 1 25 A S R AH
SR ZEBIFZEAR, 1MIEH Mz KRZE N TR, LA /M, Bz BREE0T 2% F 51
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Table 1. Sensitivity analysis of RNN hidden layer and hidden node number
= 1. RNN [25E ST m U

1 8 5.81% 26.81% 16.69% 27.67%
2 22 4.80% 14.62% 10.27% 21.32%
3 16 4.16% 15.03% 9.30% 23.88%
4 6 3.79% 17.14% 16.20% 25.46%
5 10 3.47% 13.52% 9.19% 22.65%
6 4 5.36% 28.90% 24.50% 35.04%

IR WM SR OB RN 32 ISR ECN 8805 431 9 0.0008; K ¥ 4; L2 IENALALE
FIRREON 4.0 x 10 A ATA TG S HL
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Figure 2. Diagonal error distribution diagram (without
genetic algorithm)
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WL H % (Genetic Algorithm, DL RN E#K GA)J& H T # s Al in) il i) — M R 5%, ol DUARERL S
HRRRHESH, AR, -T2 8. 2N EIRE SN AENE T, Ay B AR g RA71E
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TEHET GA (5 2J0F, K FPREAeR B 40, FRRRHE 2 BT S 20006 25 2] 2 DA K BTy A
FRIE R 43 50l Y715 09 0.0001~0.01 Fl1 1~40, FEGEZEORF N 2 A3, SZXMAEWEN 0.4, RAEMEREN
0.2, EACN 50 R, THELE RE I LB BEES] 30 K5, &M RGN A R AR, Rk TR
b AOLA HL R 5 = I SR i R s, IR s A ok 30,

S B VR I () X 2 454, 45 K 3758 IR IETS B I R8P 3R 22 B 4.80% 7 1] 4.88%,
RRRZEH 14.63% FRER] 14.24%, EIIGRERRI LA KRAZL . (HREZALE b, FRER
10.27% FF&3) 5.73%, i RKiRZEH 21.32% FEEF] 20.45%, SIRZ AR Z 3 I B4k, HEAFE
RZE R IEE. 852 BT SRR T A R T, R IR R A B A R

B HEEEE, B2 Rz A R 0T 3R X R ZE A 8.63% 4K 5.87% (141 3), B ZH &
SPEERNRZEH 14.16%FKN 5.27%, KL B HEFRIFAX R ZERIREE N E, A, B AR RzE
A RERT 20% ML, HHAT AL B A, SINBHERER KRR THZ AL RCR .
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Figure 3. Diagonal error distribution diagram (using
genetic algorithm)
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Table 2. Error after freezing different layers in transfer learning

F 2. IBFINFENEERIIRE

i FH A% S04 AL AL S
AR ZE MR RE /% MRS AR IRZE % WRETERZE/ % MR KIRZE %
0 1.75 4.15 1.68 4.85
1 1.99 4.44 1.76 4.97
2 3.06 10.65 2.67 7.85

W REAFEEL BRI B R ES RGEUR Z Hol b, TR S AR B A R0 . XA e
BT RAZEMA RS FINGEMA B ZAABRANEUEZESR, FEURA S BRI A RER T
BT HEOINGES, PrelBATH ENNGTE 2 R ER S ST RRHIER R -

DOI: 10.12677/nst.2024.121003 24 MR A


https://doi.org/10.12677/nst.2024.121003

MR 4

B (G, %EEEH=0 B FHCA, =0
® fEHGA, RN ® fiHGA, REEN=1
A (G, VR4 =2 A (HFGA, WG ER=2
1007 | w A FHGA, Mk E =0 (] 2504 | W AMEFIGA, R4k E%=0
*  RAHEEGA, VR4 R =1 *  FAEHIGA, Vs R S=1
<« RAHGA, gh R #=2 . o« REFICA, s EH=2
] i A
Z)o A :o A
~ AA ~
dm 80 A 4
EQ' E 200 A
B B "
60 1
150 «
60 80 100 150 200 250
S /g-s ! I {E /gs !
(@) (b)

Figure 4. Diagonal error distribution diagram after transfer learning
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Figure 5. Flowchart of RNN model construction
5. RNN 2R R I2 R = E
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