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Application of physics informed neural network in

two-phase flow
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China; 2 University of Chinese Academy of Sciences, Beijing 100049,China)
Abstract: The influx of research on machine learning and data science from the field of computer
science into chemical engineering presents transformative opportunities for chemical engineering
paradigms. In this context, physics-informed neural network (PINN) has gained significant
attention for embedding physical equations into neural networks, ensuring that network outputs
adhere to physical laws. This work begins by introducing the algorithm ideas and sampling
strategies of PINN. It further discuss various treatment of the PINN loss function, mainly
including cases with no observational data, equation reduction, equation discretization, and partial
embedding of physical equations. Finally, it provides an overview of recent progress in the

application of PINN to areas such as gas-liquid two-phase flow, two-phase flow in porous media,



liquid-solid two-phase flow, and heat transfer in two-phase flow.
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Fig.1 Physics-informed neural network for partial differential Equation[*3!
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Fig.2 (A) Ilustration of physics-informed neural network for the phase-field method; (B) Different time marching
strategies of physics-informed neural networks for the phase-field method: (a) single network training in the whole
time domain. (b) multiple-networks training in various time sequences. [
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KERENGR CNND, AT R R TS BAMME R AT Re R R 2 T RaE R, &
JIHAE— AR5 P (AR A2 T ), NN AT DL B 82 FH SR I 2R AL JR) 30 e /M E

3.4 ¥WEFR

PINN J7 3238 o e B M B2 05 12 LS SR AL RN B R R Kb . SR T, K58
BT REG 65 BIH5R R B R BE AR H S A FER BV BB Ak, X AR I
FE PR AP S T A, A AL S 3 A AE SRl ZAAR A, o 5 T Ak o o I P v S g v A 1 2
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TR ESR . EALGEK CFD Hpr, XA ) I o A WA SR A R BT, (ELN S R A
SRS IGINARLZE R 25 R 2RI 8] Karniadakis 553 B 4 4000 B 2 06 R, BIAEARCA Y B E
B, A MRS RIFIE B . M2 T, RAE NSRG4/ E e B
FREU. B, HWFFUE TR T AP EAE BRI LAY BubbleNet 3%, DL 4
TRPARIRL SO BB R, AZ SRR AN T G A (A 22 75 RE A A RA T 24T 2
M PP W 28 5 R R B h (RIS B b2 M4, HATANEE R ¢ RIS
u Ml v

v v
—a—y,v——a (32)

PRk, ESITTREE L. FIN N 7SS TSR, EBURRET SIS A i, Rk
EWAR

u

v2P=p‘Z—:‘—pv-(u-Vu)+uV2(V-u) (33)
XA A R R A s 0o i R A B AT B B RS
K TTVE FH R A 3 SRR TR () ST, S 42 Ry g SO AN K-SR B A i Ak
7~ (Bl 4= [ R KRR BT @ = @(x, v, t)). ERIRERZ TIRTRF, ¢ 22—
FIBTERBREL, X TK @ X0, MTHES o Fi1. fEFmLE, H—M0 2 1K FEd
o Bk, FrmAbK-FEEE N 0.5,
KPR EH 2 LA TS (34):

a \7
St Vo= V(a9 -l - Q)5 (34)

Hey REFVIHUSE, g TARFERBINERVIHIL, TRERN 1. e, 26
JEERIZH, ST Mk RR T

Y ERAE BAPLE 2% BubbleNet HERIHIHH AR E N p, ¢ 1 @. 7£ BubbleNet ikt
BB AL G BE AL TSRS SR U = (wv,p, @), AJEiEE N (35) WHHE U it
TIH— AL BERASN ZE Al W = (w,v,p, @):

U-Umin

w = (35)

Umax—Umin

HA Upax M Ui I HIBAAEE IS TE]D K CFD Bl (0 B KA AN e /IMEL» RN 40
HEAMARK, XFEALBEAT LAY FR A3 A AN 2

£ BubbleNet 5y, SR RZE U HAUR R EH BMMER ZRE I 2= . (EH W
TR R EE, JEH W = (w,v,p, ), WIRKKEEL Loss HIEAN:
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Loss = — X7 (Wyreaty = Werain)? + - L1 (V2P)? (36)
H, Wyyeq RN BINE, Wergm &M CFD B AR 07— ML NI 250 . V2P,
SR | BERIOIE 115, m IR R A
LT B % BubbleNet HUMERLANE 4 FT: 1 =T IR ALAk, 4 51 F T4
p, ¥, @ BTG 9 MERIZH 30 AMNZTL. LYTL (S B4 T I AR 1 1
WO WS w, v, FPHEIE IR TR AT B . NI 6 85 0 I R 50 T 0
T TALER, AT V2P %, BREMEHIENTG p, w v, @ HIFRZERIE T
FAJTRRALR

Bl 4 EYHAE B A M2 BubbleNet [FIAE 4L

Fig.4 Schematic diagram of the semi-physics informed neural network BubbleNet(®’]

4 NH

I B0 3 2 26 E AR 0 T DA K2 ORI RN, LM
o, WE R R AR
4.1 SR

B T8 R I3 T AR R B S AR W 45 52 3 TR BE IR 5 PR 22 At O AR 3 i B
GRS YIS B AR N 46 BubbleNet 523K A R P AR AT (64 67 691,
Qiu SEHRH T3 T AR R EAE B 22 W 25 07 15 T T SRR OB AR o 9 5 i BT DR
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A LA E I, FERRBTDIRAEGI T, YGRS SRBIR AR, R4 e MR IER T
AR, 0-1s WAIRIBIRT AT 7 iz sh, 1s AR ECR: BiJE 1-2s AR HY RS
AR E IR TEAR . LR TE t=0s, t=0.5s, t=1s, t=1.5s Al t=2s B HIHZE C (-1 REAIE, 1
AR TME 1 B S(A)BITIR o BT ARSI I B0 S 2 1 4 7 ¥k v A Bf A 30X —

SR

Kl 5 (A) B BT U1 IR T AR Y EE B2 M 2748 B C TN (a) t=0s, (b) t=0.5s, (c) t=1s, (d)
t=1.5s, (e) t=2s; (B) "L LFHEBH: (a) I FTOALE M (b) B ETHHERER M AR &R (LS AR,
TIPS B SR, TR LA KE Aland 1 Voigt FIZH{H) 64
Fig.5 (A) Predicted results of phase-field variable C at a reverse single vortex based on physics-informed neural
network for the phase-field method (a) t=0s, (b) t=0.5s, (c) t=1s, (d) t=1.5s, (e) t=2s; (B) At bubble-rising problem:
temporal evolution of bubble (a) center of mass and (b) rising velocity.(The red solid lines correspond to the

present result, while the blue dashed lines correspond to the reference result obtained from Aland and Voigt.) [¢4]

AR BTSSR BT VIR G L O R 2%, M AR R TSR E ¢ B E
FE u, v LTS po BRIE, AIFFTE 4 R T ST E A 3 FR A a2 S I St 22 9 2% DASK A O
F| 3s WA XTI N B C, u, v, po &1 5(B)ZRa i T i R h AU 5T a7 B AN b 713k P B I (1] A2
R ZR  BATRT LUTE BIEE T AR O D RS JE A 22 0 28 000 ) S oo BN BT
5ZEM 8, BN AR R0 Z M _ETHE RN 5N 0.48%F1 3.70%, X3
W2 5 325 ) e 0 77 T 5 A O P R P B RO P 87, SR T — R D B L T A AL Y
/N RrS

Wik 50 S 3k — 20 3 T IR LR A Tk 22 S (R A 37 0 BEAT B A 2 I 24 SR i ik O - 28 80
(Rayleigh-Taylor, RT) ANA&E 1 ] FRIE7), BEAN SR AR X I 122 [ K/ Q € [0,0.5m] X [0, 4m],

TRy t €10,3s], TR ETOVERA L NIONRGE 6, PRARE KRR 5
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T AT 58 SO —1EsZ B AUE N M3ah, HIRBIRECON h = 0.1 cos(2nx), HIAAI %4237 1
FEH 0 m/fs. FETIREEIRGIRZ B AR EE EMEME AN (x,y,t), g E
BT AHIAAR R TP R ERE o [REHER AT SCHE S 1A [ B 5 HEE S Il 25
W&, Wil 6 B, dodt AR B B M 2% 1545 B 2 oA AR 5 AL R 15
TP BRAN, RS S L AR B R G MTAR Y &, T P Ry ) O
AR, B b i TR AR 22 0, T3 rh RS A3 DX Bl ) SR TR TR AR CRee— B0 B AT

B IR (] (RIS, ORI IZTE Y RS BN L 1 SR ZEAE AT BTt S x J7 1
X M ERCOAIR AR 720N 10.92%, S y U7 19170 B ORI R ZE B KON 12.35%

Bl 6 (A) RT AN P ol JEFF) T B DX AT 4 465 (B) RT ANz M 1) - (@) 409 PR-PINNSs T (04 43 Kt
s (b) SCHR&S R E7
Fig.6 (A) Computational domain and initial condition of RT instability; (B) Comparison of evolution of volume

fraction of RT instability : (a) results from modified PF-PINNs (b) results from reference. [7]
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K 7 (a) SRR 2 IR I TSR DA AR 26 AF s (b) IR CFD, DNN Al BubbleNet FIC. f¥H
ATTRESRAG R B R u, v, p, @ HIELEL ()2 LR CFD, DNN Al BubbleNet H1 70 A VHIA I FERAFH)
Y& U, v, p, ¢ ELEE)

Fig.7 (a) Computational domain and initial condition of single bubble flow case and multiple bubble flow case; (b)
At single flow case: comparison of physical quantity u, v, p, ¢ between CFD, DNN, BubbleNet (without Poisson
equation) and BubbleNet (with Poisson equation); (c) At multiple bubble flow case: comparison of physical
quantity u, v, p, ¢ between CFD, DNN, BubbleNet (without Poisson equation) and BubbleNet (with Poisson
equation). (%]

Zhai %5 R F P05 B2 4% BubbleNet S35 SR ARSI P M S IR 22 <RI,
Nl 7 Frosteol, wf T RAGRRE L, SOERIBIE EAR N 4 um, ROEIEKEN 15 um, T8
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N5 um, W RN 7] % 10 Pa SRIRBDAL AN , S8 1E A i (1 s ) REFAIE T K /) 799.93
Pa, 1ZHU(H AN B B TE AU L5 b 1) SRS AE FE ML R B P BAE B 22 4%
BubbleNet 5% (IR TEREEY u v, AKTEERE @ DL SIB6RE R E s
JE EHERIH RIFAREE, u, v, p, @ MPPIHLEXRZS N 856 x 1075, 3.09 x 1075,
0.21, 0.0018, Xf T2, 60 MUE (FMHEELN3 um) FENL KN
100 pm. FEEEN 50 pmi¥ HERUGEIE S, WIS AL R AR S AR SURIE . BIAE
BB SRR AN N E A, B AT A 2K T80, BubbleNet 532 (A TS
2O T w, v, p, WIFIALERT RS 0.0015, 7.74 x 107>, 0.24, 0.0075. It4h,
TEE LI TIRBEAHZ N4 (DNND. BubbleNet 5% (EIHAAJTF2). BubbleNet 575 (F ¥f1fA
iR =R T EE R . W PR IAE SRR BubbleNet(s) A VHAA T AR RCRAR T T8
THFA T FEAL T DNN, BEHERR TN B 50 & us v, 10 DNN JCVEAER TN u. vs 752 IR,
BubbleNet(s) 777241 T~ DNN, {453 2% B Hi A VE AR J7 0 15 ) BN RCR IR TH AN .25 . B 44T
T, 15 DNN FLZAHLL, BubbleNet 5507% P i A2 J5 f5 1L 5 e P A e ko Jo 88 A /K S 4 R 250
s

SR T AR I B A 22 X 2% AN ] (75 L RN A B B 5 R (B B AR A I R D
LU BAPZ 4 BubbleNet FIEA T EA MM T, HTFELEHNLE u, v, p,
o WINZEE, XA RASE IR G Ay d PILR HE SR, 19300 2 AR R ZE RIS R, FR X dfh
7 —ANE RS, BIERATRT LIS e R 1 MR BT JE T N X 28 SR AT AK X 5 1 i

4.2 ZHAFRPHR

AL SR AR I S0 75 2, T 5 S R ke 2 (Y R 26 5 5 R R SRS T A B0 A 46 Y
%% (New Adaptive PINN). JHAE BEFIZ M4 (PICNN). =5 P BEAZ B A2 2% (E-PINN).
AT DI R B A JE e 22 A 2% S5 AN [) B 7 925 3R i 22 LA T P AR A 98 68, 70721,

Hanna &5 HI 3 T 5 22 HOME 28 2 52 R BOR AT SIS 1) P LA S A 28 0 28 SR e 22 £ A o
FHUEE, G 8(a)fE —4EENRZFI, KRN 7EW—MRE Gtk 1, H—MiiE Gi
A 2) DUE e A Siife N, 104 i i 0 R [ e A o 285 SR B 5 ] 5 SR s PINN 7324 B,
New Adaptive PINN J7iE$R M1 K 1 SE BT @b it . B 8(c) i THE—4E R B New
Adaptive PINN J7VELEANFIIT B ANE] PDE FRSRAE fLo0 AT . FRATTAT DUR I, X7 R IR
RAERTIAL B HBU A, FERNII B ZZ 0K, XA B Tl 3R A2 & . T T80
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S8 BRSSP A T RS, SR R L BENL A, RO BRZZ i A BN 18], B0A 2RI
RULIRF AL 72— 4ERP 8(b)F, MR EMEIHIGE T (WASEEAED, KifkZ
—AERALI AR IETT TG, o — MBS O, S J0MEE (P=1), WUANSMULZE S B E N
0 It e New Adaptive PINN 752 ] LATRIN b — 4k Z45] b AN [R] IS TR B R 70 20 e H0R0 15 703,
Hox Ay J5 18] TR S T #Ar B S N ##3EIE . RH] New Adaptive PINN 7T 3K fi# 2 £1 /1 it
AN ZGEPTARGL IR L AR, SRATHE RO A P ] 5 SRAE R A 22 S PINN 3R 45 1 4F
MIZE R, TR BN A B Ut . B IERNBOR AT BLE R4 R 4% (1 —FiE
WHEFE, b Tz AR 2 -

Kl 8 (a) —HEiTSEXEAIRIAA A (b) “HETHSLXIRIRIEAZAE: (c) — ol rh B 7 1 13 R T
BHIRFE S ONERIA SRR R R TR, 8E ROP R G RERAE s AL 3R ) B8
Fig.8 (a) Initial condition of one-dimensional computational domain; (b) Initial condition of two-dimensional
computational domain; (c) Evolution of collocation points with new adaptivity (from left to right represent
different governing equations and new collocation points after each adaptation step are shown in red.) 5%
HITREBONEAR, Wi/ Al S BB R M JT (PICNND, X7 RE3EAT
BRSBTS T Z AR, TR TR JE R K R A L BORT s A 1 A U/
TR PG 8], Zhang S57E 541 5] AR 2 5 IS A HEAT B0 E %07 . AR S0 A b,
K 9(A)FI(B) Tz : JHIFHUN S} H100m X 100m x Sm, JHIGEE SIHI4ER ZI 4 4b Ay 20 MPa, 7K
YIRSy 0.2, VEAFEOLT 2 N AR KNGS, A= AT b MG b 7 KA,
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TEARFEAAE P HRIRRRFTREI N 5 m3/ R, SN B E R s i 1L A 2610 R J1o81E 2
1B B 9(C) ez 1 AR K Jog sk ekl 128 F A9 A UL 48 SR T 337 S KA e S, 5525 E 4k,

PRI R ZENT 1% B 9(D)Zar T ARSI R PICNN T34 2 2 7 Bk
AR AT, AT ORI S (& AT BRARBEAS IR 45 R — 2. BAR PICNN fE9FaK
B AL G 2 R TT 5 (AMM) SRAEES = 2L, (HEET PICNN R GRS i) 75 22
KA TE TR AT, TATE AMM £ A 4% GEFa s OR i 4% 22 /0 7 22— NIKRI se 1L 7251

9 (A) VEAI . RIMFF AL AR A E R, (B) AR BUMGBIKISE R (C) JEX B sl ik FH A
LS WIS (a) 73 A (b) E/KMAIES): (D) 505 AR A PICNN J7iEATE G IRARARIEAS B 4R
FEIEFEPUE I RIFE IR R 7732 4k [68]

Fig.9 (A) An illustration of the reservoir model with injector, producer and boundary conditions; (B) The
permeability field for the heterogeneous test case; (C) The pressure (a) and water saturation fields (b) at the end of
simulation for the heterogeneous test case; (D) The change of well-block and bottom-hole pressures of the
producer obtained by PICNN for the heterogeneous reservoir, compared to reference solution by the conventional
FV approachl®®!

1T PICNN ]S FTE 2350 1) A AE I R0k BEAZ R I R, b4 PICNING B35 5 P 11
CNN At UL P B A RS- A I RS B AN AL, i PICNN ANREEREFH TR Z AL .
b Yan ZEFEH T —FPEE MG AP ML (EPINND, T ILTE F bric s 1) — 4/ =
YA 1Y S AN 2245 22 LA 5 P P AR 7O EPINN 5 PICNN 2511, 1R FH A B A AR B B Ak 42 )
JiREREIE Ak ek R, P T R SR AT EE . T EPINN 5 PICNN AR 1) R A
RN 4R (EDFMD BIRARORSE; 20 Wit — Rl B S B S M4 480, K

ST BT FGE NS R BRDERER 1R, DL E R S B SR 42 N 4%
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fRI27 ST BE U5 3) B WG S5 A AL F 2% AR 2 B I 28 Be T, A D 2% B A B8 e FRORG BE R AR 3R
FE AR ST MEAE A 1, EPINN AT PICNN [ /37 IR MBI EEY) 5 2% E 4k,
5 E MM R ZEY/NT 1%. 17 EPINN 5 PICNN #HLL, 771 % (MSE) % N Rk
T ORFFAEBAR A, YRR RIESR & .

Sheremetov 55 /1] PINNs XJ RIRZEEGE 2, BRALHT ™ Beit v R BT i A s sh AT A2l
% PINNs BB AN 2 I 2 Akby, At fe sl BE . KIERIEE . oy FLBRE . B@E MR
BEANAR 73 0 FH ) A TE R T I 2 I 25 BEAT I 25, 002K R B AL 0RO 1R 22 L i ol
DOTRRIRZE G I PG BE (M B R B 5 2 XA B0 R 22 N T FE D WG Ak A4 A
A FAFRE « BUEAANTT 123815 H e S F T U ZR AN PINNS o 25T FC S 451 52 74 A
7 PEMEX 12 & B Lyl R IRREEMRZ, A BRI 222008 27° , JFC B Gt Y
Brecha MiZTFUG4:7" . Jy 7 #EATIGAUE, I P SE MR DAL I3 5 A 0 s
RHESUE A o SEBME AL 255 PINNSs TI0U 09 439K B2 i 48 L EAT XL, R
PINNs FiHY 1% 7204 1.82%

New Adaptive PINN. PICNN. E-PINN &5 77 V53K fif 2 fLAr I AR AN 75 B b id s, (H
— R EAFAE ISR A 1) R, D T B e U SRR AN TN AE R 52, BT U Bt A L
ERIPIERAT BN E I 2 SRR 22 FLA TR PARIR 7Y 720 12777 325 0 W0 DN 75 22 ) % 4 i R A o
OB o, X5 2R RIS SR 8 X 20 U7 1% 5 L AR B R AR SRR, (L 2R A B A
ZETVEAN R B ) T AR RN T Al 42 7 A5 S T AN /2 #8377 72  Shokouhi Z57E F T~ 5l
TR BAT it ol RS L PR B 2 IR e, ST T N TR IRIE AN R IR
JHOFUREE QEER NS AT S 2 A8hs, Aot KR IR 70 e BRI AT EE I
PIZEU R AR, AN 10(A)FTR . EEBL T DURRAS R AR . 22 IRANHL (MLP) B il 25
STT CEPF=/KER . R SRR FE 20 51 FH = AN G BEAT IR, 24 IZE MTT (R
K SRS RN — AW T 40D, BT EE(E B EHGE A P w/o interp CEER
NAEH T FAEA LS WE D, e TBEAE A HE AL PL with interp CEIVERONA% il 75 72 [R] i

FrrEIKE L AV R AN B -
2 BEIIZ (STD. ZHHIIZE (MTD. FETYEE B XHGE A (Plw/ointerp). T BAHE
fH 45 (Plwithinterp) ff] MSE 8 (CEFEFE/KE. EAFAMAMEAIE) 71
Table 2 Recorded MSE Values (original un-normalized scale) for STT (Single-output training), MTT (Multi-output
training), PI w/o interp.(Physics-informed without interpolated points), P with interp.(physics-informed with

interpolated points) for water production rate, pressure field and gas saturation field.[’!]
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7] FRIKER k71 SR

STT 1.05 0.13 445x%x107°
MTT 1.40 X 1072 2.09 x 1072 243 %x107°
Pl w/o interp. 414 x10™* 2.35x 1072 2.11x107°
Pl with interp. 2.52x107* 5.83 x 1077 6.03 x 107°

10 (A) A7 AWLIIAE O T F0000 5 70« AU EERI = 7K 22 P LS A2 I 45 (B) (a) AT EE A (b) [
TSR PRI AR S R R ZE A LU 2 R VI ZR(TTET) s 2k T PR R TE 4B (v 1)) A T4
HAE B i A R )T
Fig.10 (A) Physics informed neural network with observed values for prediction of pressure, gas saturation and
water production; (B) A comparison between the ground truth and predicted value together with the corresponding
relative error for (a) gas saturation and (b) pressure field: multi-output data-driven model(top); physics-informed
model without interpolated points (middle) and physics-informed model with interpolated points (bottom)!’!]

MR LA 5 S N R B AR B, e = AN L A A P 22 i R AR e S B S 4 Y
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TR, Horb KR M R 22 H 1.05 FEICN1.40 x 1072, @ 6 RGN, P)HE
F R AR I T HER IR, KR I I R E DD IR 414 x 1074, B4,
24 P AR s I G T B B RS, =/t 8 R 1 T 45 S5 A (M B A A
RUFI L #RREfF 2k, HA KR iR Z H4.14 x 10718/0 $12.52 x 1074, & /1375 1%
ZEH12.35 x 107298/0 $1/5.83 x 1077, SARMIFI 3 7R 2 H12.11 x 107598/ $6.03 x 1076,
IXEELE LR, AT IR (P B JE A0 D0 2 T AN 25 Bt v 0 485 (1) T VEE B 5 . T 10(B)
FEINEMA RN T 2GR IRE) . 3 TEE B (b 1) RS T FL (s B 16l
PR 1 (a) SRR R (b) FE T 1 S S TR B AR SL AR 5 22 o AT LRI = AN B ik
FREEABE TR HH A3 (K SR MR E A PR 708, AHR 28 I\ A NI/, T3S B 46

{H SR ANRE E RN
4.3 YR [E W FE IR

BINE 1 2RO AL Z LA B R0 A, B EAA S S o PINN iR AT
TR T BRI ST P AR -

K11 () —4EEAARWICBEE; (b) B B ABWRIFW PINN Z244173)

Fig.11 (a) One-dimensional spontaneous imbibition configuration; (b) PINN configuration for self-similar
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spontaneous imbibition solutiont”

Deng S5 AT PINN J5 A8 FARAURIR 2537 5 (0 B ARSI, 4 2k o B 32 B ol — 4R AR AR
SATTRGE AR, DL BRI 6] 10 S 261 (BN BAE Km0 M. 58
T 12(a) LN BRI R RN AR v B R A B A AR i RN ) SR AR A, B
BRI 05 LEH DA E IS 30 A AR B R A R A . B RO R R R AR AN 1 A
. R ESONH MR S KGEE HE, AR AR B S S B E MR (o R
N0 R E A RUSCER R Dy 1 BRI, BARRME SIS RITE R . TAE—BUE O R BEY
AL, XAFUER M, B (A KEEMBHITENR K aE K0,

SR PINN SR L3 B A AL I et I 2 e 2 ] 11(b) P s X 25 PR e N 2 25 R B
AR CHAKWHEEA IS Mt alitr (5 EBUKERR), ftEENNEE (5]
55— KB E M BT ENREA . K 12 73 1 PINN BTGNS R LA 54 IR ZE 7y
AR LR x R WE 12(a) T, TEAE 2 — KRB R AR, X 5B
A FYIAR AT o B AR B AN AN 12(b) I EE R, FTRLUACHL PINN A5 1 ) 4
R T LR, AIBTC R R T KA B R FF AR, (EAZI A AR % 1B 12(c)
AN 12(d) 7370 75 T PINN TIN5 SR {124 59— /KB B LA XTHR Z24E 0.0042 LU, BAHTE
EAHELRZEAE 0.10 LA

Kl 12 (a) PINN FRC (R ) B R RT3 U — A KB 55 (b) PINN TR0 (P B ) B R TR SC B 40 TR i AN (c)
PINN A1 B 22 73 18] f~F- 39— A /KB B RO 4800 225 (d) PINN NI IR 22 23 18] 6 418 T B AR 40 08 22 173)
Fig.12 (a) PINN predicted average normalized water flux for transient spontaneous imbibition; (b) PINN predicted

capillary dimensionless group for transient spontaneous imbibition; (c) Absolute difference in average normalized
24



water flux between PINN and FD results for transient spontaneous imbibition (d) Absolute difference in capillary
dimensionless group between PINN and FD results for transient spontaneous imbibition 73!

SEGAWRZESTIEMEL, PINN THEIEEINF H, JUHEXN THESERL. it &
FOVFSLIE LB KA ROEVERFE R i, X AT RE— 2D R S 4 AR 1

Chakraborty <K U1l 13 Bz i) PINN HEZE K A B 40 F 1 ST 1) — 4ERS S AR,
IR T A F R sh e e, PINNG HEZR {3 I W] A2 i th S Bt AT I 2%, XEEmASH 0
FEATUE CRRIEMRD BIEME. B RS AR BT R A2 . Bt 2 A
MK ZHARC N T, AEAFERAPNE W 25 IR SRR RT RE, 1200 2% T AEE AT AR 264 R
5 5 A A 10 R L TE R A UITZRAT 1 PINN SR G0 FT 290 B FH T B 445 1R B 7 BOR IR AR
SIS I AL 3 o XL 3 FOVRAE ) LRD P ERAS B T BR /K 0 AN IR S 1 | 250 Jo 3 T A B2 A
BIE I Z . PINN BERUAE 6 NEERIUAN 1 D FCLSIGAE 7 FAS RS 5L T BEAT I,
XELRE B AR R 1G5 S RREAK I PIRES RE OR TR E R 2 fI3etl. 45
REW], PINN J5i%45 5 4% G 8 AN, 7 1045 SR ol L sl s it A AR B i — Bk, 7
AR, PINN TR (0 PR B R B A i )P 4 iR ZE 35/ T 4%

K 13 SKRIBEBANE IR ST — ZERSAS TR AR LA PINN HEZLT4]
Fig.13 Schematic diagram of training the PINN system for solving two-phase steady state flow with capillary
heterogeneity at various flow conditions!74l
FSE SIS B R T DR S . IZSRIRAE LR E AR LT, FEACSRE L
AR HUZ R B, SRBG 25 50 CRIMEZIREER 10 MPa 195 7). A0 KN

6.6 cm, ELA2N 4.9 cm. il COp MK FIIFENE L, SIEANEEN 3 mL/min, 73
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>4 0.5, 0.8, 0.9 f10.95. 7EFRAS KA T CT BB Tl S =4 0o O BhK BRI RE . R
F 4Nl 13 Fr7R it PINNs J73% i Flil s K BE Y 1) — A SR K MR . R 18] 14 8Os T #EAN ) 43
T TR S0 (458 k) AT PINNs TR (B pEek) —4EtE. MEH
ATLLEH, WIZRJEI PINNs 193] 1 55 5200 Kl DL RC VAT BE 20 A5 o X T BT i 2620 R A
M LR, PINNs TRIIME S SEBR LIRS 450 12 2 (MAE) 38/8TF 1%, RIHIZJTETE
PR O IR B SE T G M . IEFRIER S, SRR RN AR —AME (2T
FENIEAR), TfT PINNs 245 T VELHIIME,  BEf® LA BELH A0 20 ATl 3R L 2 ORI RS

B 14 SEhra D IR LI R0 10 WARIEE T (L0t A1 PINN Bl CREELD, 2Rt (a) 0.5, (b)
0.8, (¢) 0.9 A (d) 0.95%
Fig. 14 1D saturation profiles of the actual core-flooding experiment (red crosses) and PINNs predictions (dotted
black lines) at fractional flows of (a) 0.5, (b) 0.8, (c) 0.90, and (d) 0.95[7%

X TAE R BE 2 ALTE T AT SCHRBNA) PINN 7 E IR A B R T 28 R G R e 1
B, FEFEARIG (B o6 K DERINMKIRAER]D PINN IS5 R, it
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Fig.15 Configuration and training strategy of the PINN algorithm for heat transfer in two-phase flow: (a)

network architecture; (b) training strategy!’
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