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Examination of prediction method of time evolution simulation

of multiphase flow by deep learning

Abstract: Time evolution simulations in fluids are widely used in the industrial field. However, conven-
tional fluid simulations have problems that are required a large amount of calculation time and resources.
Therefore, in this work, we develop a network to make it possible to predict the time evolution analysis of
multiphase flow fluid simulation using deep learning. The data set used for learning our network model is
generated by two-dimensional dam break simulation, which is a multiphase flow problem, using OpenFOAM.
A dam break is a fluid problem that deals with the flow of dammed water in a case. In this work, we develop
and train a network model that predicts the next few consecutive frames from several frames of input with
the generated data set. Then we evaluate the result and examine the accuracy of the trained model.

Keywords: Computational fluid dynamics, Convolutional neural network, OpenFOAM, Time-dependent
flow

result

ZRELSREDDH D, 2O, SR EFROBIIST T
RV Y —ZADBFRITZ o TLE S &V mRE Dt E

BUERR N E T THICB W TIEFICL S FIHEN T
WBFETHD, FHISIEEFETRICE T 2 5HRITEE &)
ZHDOTWS. MAEORHZEICX 2R B2 HL 2
W, TRIRICBE D 2 BE ORI HR DO RIHICEN 5 70
RPERMEETH S, L L, BUEREIZCB) 5
MroMERE L TREHEDOXRABATH S I - X
=27 2R A 4 7 —HEAZ M < BRM s R

b B R R TERMRRIE SR T EX
2 KRR v 2 —

)  hasegawa@cspp.cc.u-tokyo.ac.jp

b)  shimokawabe@cc.u-tokyo.ac.jp

(© 2020 Information Processing Society of Japan

KBWTHERIL LR 7 Y v AR ERE L BRIy — 75 E
PRE Y D ZREFHERMEEET 2 2o MEAD
H3. 25 L-MEOBIEL UTEHHRERME2E T 32—
DEtE v A2 EEFEZH WS Z e TEELS %
8 [7] bHB. £ TAWETIE, RFEFRET 2EMER
DY Ial—va VEREFEBYEIZ L > TRFEIZTHS
ZREEHFTZ I E2HNE T 5.

2. RMREEM

AHFZE T, BEARICBI2HESI21r—>av0D



BIRUEF MRS
IPSJ SIG Technical Report

Y —)L& LT OpenFOAM [2] ZH\W 3. OpenFOAM &
THEMZILSFAERTEBY, ATV Y —XTHBZL
D OB & IRARERHIZE T TR SR ST Tw 3.
IRAHTRARAT L3R AT 8 8 0 o T DO EDBRE
Aol GRHEWR) COWTORTTtH 5. SHEIEK
& AR DIRATR T & 2 KU AR DV T DT 217
5. TARIC BT 2 BUEFT R TSR IO W THERIE
ZITVEIERZ W THRZ BT 5.

2.1 XZEeAHER

RO EE R T AR LTHE T - A b —
2 2B RDDH B, £, FEL - A+ —27 25BERDPS
KEMEIE % 72 & LRz onw T o@E# 238 L= A4 A
7 —HEADD 5. BUEREIFTE, Zasocon
THEB X ORI OWTHIL L 2EIL IR T2 22T
IR EE L AR TR FRIERMME - IEEAMEE DR
HENRE L@z LTWs., ZITHEE T3 REHE
WAERETD 2ok 5.

V-u=0 (1)

@f+v<uuy:—%vp+V~@{Vu+mVuF}]+%b

ot
(2)
(1) BEEOR, (2) BFET - 2 b2 25RATH .
ZZT, wlIHEART bv, p 3B p lXETT p Rk
BRI, bIIEEIRT bLERT.

2.2 BREEFEE

OpenFOAM IZBWTHRFEHEESHVWSATWS. A
FRIAFEIE 2 ik m s AR oM L Fiko—DoTH D, F
BXR L 72 2 AR FIRICDEIL T, ZAZhDIEFIC
B2 MEOXMAEAEES T2 2R L, &M
WCRIFAIZ 723 & 5 b e h 7 X 28 < AR
RSB 28T 1 11T, ZOFETIIMER
T, IFEE T IEHT 2 Z e TE, HMERIEIRIC
B LT HEHAMBAEET D 2 &\ 5 F D & BILE D AR
2B B ERBEBLTED —2 ko T 3. HIRIEHE
ETIEE ORMELBOEBKFICBWT, A7 —=
X7 MLEERZNENRIDERFAE IS .OpenFOAM T
GERBREECBT 25HFEDO S B, HE L F Ok
IZ2OWTIE SIMPLE # & PISO HEDNA 7V v RIRET
»H 2% PIMPLE [4] DRI ATWS. ZOFKICK o T
AL IRIED A% R 2 B H Tl < 2 OfBEZ R %
BoTHRZZENTEZIEEREMNEZITO N TES.
%7z, PISO RICHANREREMZAZZNA Z N TE IR
M, &IFERT v 7 CoRIEFHEZBYNAT S BEDD %
7o DIER I OHEERR 2 E T 5.

(© 2020 Information Processing Society of Japan

Vol.2020-HPC-177 No.4
2020/12/21

@ Pressure

:> velocity

1 FVMgrid

0|00

0
0.8/0.3) 0
w1 05103
1

1

olo|lo|OC

o|lo|c|lo|o|C

o|o|o|o|o|C

K 2 VOF

2.3 VOF &

AWERICBWTRHEBOMEZHR S FEDO Y L N—t
L T InterFoam % F| 3 % . InterFoam T i& i & K&
(VOF:Volume of Fluid) #EZHMMA L TW5. VOF EE i
HHRAIZOWTOMNO BT FETHREHEED—DT
3. FEEEIAEOBE z R W TERL,
BEEX v > 2128 2 FHOMEZFHHEIC X > TH 2%
THs. VOFEOHIZE 21233, —INIC VOF £
B aBRAERNIROATERINS.

P
45;4—V~(auwmﬂ)::o (3)

(3) ITBWVWT a BIRADEIERZRL, 025 1 OHiPH
TZ$ 3. L»L, OpenFOAM Tl LA THEL 2
BUEILECE B 2 2 7 DI EEIREE W IB IEIE 2B N3
522 TROEARRAEERIT 2 e TE 2.

3. Convolution Neural Network
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B 5 Our convolutional neural network learns to generate fluid

simulations in next 5steps from 5steps parameters
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#F 1 Comparison results of trained network with multi-GPU

Number of GPUs Loss Average calculation time(s)

1 6.20 x 107° 1.69
1.06 x 104 1.00
1.43 x 1074 0.48
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6 Time evolution convolutional neural network
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% 2 Comparison results of trained network involving Pooling

layers
Number of GPUs Loss Average calculation time(s)
1 6.70 x 1075 2.07
2 1.06 x 104 1.00
4 1.65 x 104 0.61
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(c)Horizontal velocity
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(d)Vertical velocity

K 7 Fluid flow images of network input,predicted result and

true data
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Liguid-phase rate
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8 Differences and correlation coefficients of each fluids pa- 9 Comparison of the temporal varidation of each parameters

rameters between predicted data and the original data at (8,3)
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