Please do not redistribute or copy this preprint without permission of Hanfeng Zhai.

Copyright 2021, Hanfeng Zhai


Hanfeng Zhai
Copyright 2021, Hanfeng Zhai

Hanfeng Zhai


Please do not redistribute or copy this preprint without permission of Hanfeng Zhai.


W8 . )
O it k%
SHANGHAI UNIVERSITY
kARt ()

UNDERGRADUATE PROJECT (THESIS)

AR ET YRR ] BT R e )

¥ OB S LEBsE
W WRSRIY
KLv3

= 2. 17121632
FHEWR: i
B HIM: T [

iz HEY:  2021.1.18-2021.6.18




B REEARE AR (1830

ETYEREFINNEREH D FTN
W E

TR R B 2 N BT T I BN R A P B2, Bk 24 e Ay 6 AL
JZ W RIS . RS N AE sh i KB AR B AL T, SO A B R A
SR B VA R AR AT ] S 52 a0 02 ), DA R WT S Pk i AT O R B
NRIEEE), ASCREWREGIH TR U E R SR Y I AR
it MRXRSEETEY =N HERE T . RS E R RIERETEEES
ATB SRS R LR, R i N Y L R M SRR B ks U R
[ IER & MR B, 32 3000us Ja KER WHE ShlfEm & . H, BEGS
P T S T L2140 AR T TSR AL, 45 8 s YROAH A A 0 A S Y R i 8 Ak
BT TR S B R AR A B AT A TR R S AR, . RS, Fedr]
WXL 4> BEA T AT BV UE SR B AT S R S Lo FIE, IEXF T RE IR 2T T4 #T

BN AR, MR MR TR, R MR A S I & 30T A
AR A B A R R B, FaRIREh ) AR A L. WAL S
PR 2 SR IR B 2 ST AR SE AR I K VAT . T EIM 2% (PINN), FRAT4RH T
— 2T R TS A Bl 2 22 N 45 4574 BubbleNet . FRATTI M 45 i 4
P AR A TR BE A 22 2% (DNN) DA S A0 51 SR i) e 25 A N B AR (W28
). [FIEE, ARG T o 18 & # s F- 25 BDaT 5 B A T I a) s ity 0 —
6o FA153 %I ] DNN £ BubbleNet Tl 7 B IAE 2000us F1 2 R GEAE 15008
2 (u, v, p, ¢) 15311 FAT1H) BubbleNet Z5FIAHE T2 45 1) DNN AT PARA
FE/INI A% A D BEOPRAS: T e ) TR B2 o TR Aot A B s e AN [ s [ 25 5 B W]
REBCR 22 57 P BUR A N (R 2D RRAE R R (A1 bt 22 W 28 I L b X 28 < SR ™
JIT VA F (1) 525 30— 25 582 0 2465 T ) bk 2 500 SV o AH R SRR USRS BT =LA
SR DA N S A, MR, BRRRSE AT AR N SR ECE Y A

KEE: Plavers]; WBRIMAM S ZH WS Bk

I



Fig R AR ST (1B 30)

Predicting micro-bubble system dynamics with
physics-informed deep learning

Abstract

Micro-bubbles and bubble systems are widely applied in biophysics, medical
engineering, chemical physics, etc. Microfluidic bubble movements involve deformation
of single bubbles, collision, mixture and rupture of bubbles, etc. These complex problems
poses a real challenge for studying such. To investigate the mechanism of micro-bubbles
dynamics, we here set up two cases: 'single bubble movement confined in micropipe and
2micro-bubbles group movement in microfluids. The related parameters are given referred
to their biological counterparts. Simulation results indicate that single bubble front
interface will flow outwards as an increasing parabolic shape while the tale gets flow
inwards till two attached smaller bubbles get ruptured from the main bubble. Grouped
bubbles collides to be fused or ruptured. The single bubble deformation agree with red
blood cell deformation shape confined in pipe experiment. The fluid phase velocity
distribution agree with general distribution of the Poiseuille flow. For both the cases, we
analyze the gas-liquid component to ensure correct calculation of simulations and estimate

the possible errors.

Multiphase flow simulation requires high computation accuracy due to possible
component losses may be caused by sparse meshing during iterations. Hence, data-driven
methods can be adopted as a useful tool. Based on physics-informed neural networks
(PINN), we proposed a novel deep learning architecture BubbleNet, which entails two
main parts: a deep neural net (DNN) and inner-contained continuum equation as physics
information. We also elicit Time Discretized Normalizer (TDN), an algorithm to normalize
field data per time step before training. We applied and DNN and BubbleNet alogorithms,
respectively, to predict the physical distribution (u, v, p, ¢) of the bubble movement. For
the two cases, we aim to predict the distribution at 2000us for single bubble case and
1500us for multi bubbles case. Our BubbleNet algorithms exhibits higher accuracy for
predictions and requires less iterations. the TDN can effectively improve the accuracy with
regards to due to the data scale variance among the time-space field may ’confuse’ the
training of the NN. The proposed algorithms can be applied to various fields including
electrochemistry, electromagnetic, combustion and related mathematical physics problems
with wide engineering backgrounds.

Keywords: Machine learning, physics-informed neural network, multiphase flow, bubble

dynamics, microfluids.
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ZRIMARGH AT ANER-IFT R . BH /NI RE, TAEL
WO EBRBOETE 1 ~ Sum P, $EE d = 3pm. mEjiA TS FA1HE, A4
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Algorithm 1 DNN for predicting bubble dynamics
1: function DEEPNEURALNET(self, z, y, t, u, v, p, ¢, layers)
2 (&, 9, &, 4, b, p, ) = UPDATE(x, y, t, u, v, p, ¢)
3 (weights, biases, layers) = sel f.INITIALIZENN (weights, biases, layers)
4 sel f.Loss = MSE[(U - upred) + (’U - Upred) + (p - p;m‘ed) + (¢ - d)pred)]
5: Upred = sel f.Nety(z, y, t)
6
7
8
9

Upred = sel f.Net(x, y, t)

Dpred = self.Nety(z, y, t)

Oprea= self.Nety(z, y, t)

Optimization method 'L-BFGS-B’ & Optimizer: Adam
10: def INITIALIZENN (sel f, layers)

11: Initialize all the weights & biases for Nety, Net,, Net,, Netg.

12: def NEURALNET(self, weights, biases)

13: Build NN for u, v, p, ¢ with four sets of weights & biases.

14: def {Net,, Net,, Net,, Nety} (self, z, y, t)

15: {u, v, p, ¢} = sel f NEURALNET(z, y, t, weights, biases)

16: def TRAIN(self, iterations)

17: Obtain training time & Losses; train the NN with Adam optimizer.
18: def PREDICT {u, v, p, ¢} (self, iterations)

19: {upred7 Upred; Ppred; ¢pred} = self. sess.run(x, Y, t)

20: end function

21: Input = {z, y, ¢}, Output = {u, v, p, ¢}

22: Hidden layers = [30 neurons x 9 layers]

23: Load fields data of micro-bubble system dynamics simulation.

24: Set training sets = {Tirains Ytrain, ttrain, Utrain, Virain, Ptrains Ptrain, layers}
= MaxMinScaler(Simulation Data)

25: model = DEEPNEURALNET(training sets)

26: model. TRAIN(#Iterations)

27: Set target prediction time as t,pcq

28: Obtain {Upred, Vpred, Ppreds Ppred} = model.PREDICT(z, y, t) at tpred-

29: Save all the data & post-processing.

B 2 M 25 FEA TR AN Algorithm 1 7R o FEASEUS W A4 8 SORFEMZ
P28 KA TSRS NTRE S e 528 sRBCH TR0 AN B A i 2218
2508 S EARSHOR A g s TFIRMZETHE : WILR ML 2%, I8, TinEdE. 4
€ M2 E 5 R R B A S AT IIEG], FeATiE AE B g E R ECh
10000, ZEBEFIERRECH 200000, XFF 45 & ifess L-BFGS-B, #5E fi Rik A
WHk 500000,
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SubNets

Q a a Physics-Informed Part

a e a . y field data
‘ Time discretized
dala Voo =1+

Tk

[l 4-3 FeATHR h P FEbh 2 W 45 BubbleNet /R F: £yl FIB-2, YIZRR A [9 x 30] 4544

4.2 BubbleNet: ;A #Z ML
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R A A FATE Tl R M 2 250, $R i T — e S B E R
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F8) -5 B S Pl R P 22 0 285 B R AL s ke il AN 4 BRI
e = NRE (0, ¥, &)o HH (p, @) [l E, TFRATERERS ¢ FATRGRAFME LS -
u=0y, v=—0p. XFE, BATEBTIM o R0 FRAT M T 37 i A rh R A )
BEEEMETTRR ue + vy = 0 LA S T

[@] IS , BubbleNet (1455 — QT A E T3 15 LA 78] B U —% (Time Discretized
Normalizer, TDN ). FI&EGEMI 2 M 280 —ALp) R BEA ], B BR O 18 I
FE Ty 2 BES TR R AR AR R AR AL, 5 B ER B B AR EA T 581 )T — 4k (MaxMinScaler ) ,
UPSS =95 il B i) [F1E il o 7/B L6771 0B i o 81 [ 2 VA 4 GIER S N 1 B D 15 e
BRI Z] BT — AL S5 AR R ETS & . 280k TF, 25 ¢ =t WZIR
T 1 R 10° (S1), Tt = to I 233 ) o0 i g 1075
BRHIRIEATIA— )G G 2RI 0L AR, (B2 G I RPRUE LF-3%
UL R ) —RE s TEAEVIGRS 2 “HRW™ Mm%, R IEaH AN E A5 il f
T E R AT W 2= K o

FH. BubbleNet 254340 Algorithm 2 i~ ., JE % E A [A] Algorithm 1,
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el € MR EA R, EHM SR & WEMBEEARSEHIIE: AR SET

AT AL B S 5638 5T Net,, Nety, Nety, T p, ¢, ¢, FEMKEEERS v, v. {H

FHERERZ M 2 B0 R R BRI u, v, p, ¢ IIZREE S I EIR R 218, X B

FATUIR I M 2 E T YA AR Y B R, HORAEMZR 45 H 5" 1 o, IRt

ST H . T SURFR R TR S B TR ] BT AU — k4 TDN.
Algorithm 2 BubbleNet: physics-informed neural network for bubble dynamics

function BUBBLENET(self, x, y, t, u, v, p, ¢, layers)
(&, 9, &, @, 0, p, ) = UPDATE(x, y, t, u, v, p, ¢)

1:
2
3 (wei:qhts, biases, layAers) = sel f INITIALIZENN (weights, biases, layers)
4 self.Loss = MSE[(u — Upred) + (V — Vpred) + (P — Dpred) + (¢ — Ppred)]

5: {Upreds Vpreds Dpred, Ppred} = sel f.{Net,,, Net,, Nety }(z, v, t)

6 Optimization method 'L-BFGS-B’ & Optimizer: Adam

7 def INITIALIZENN(sel f, layers)

8 Initialize all the weights & biases for Net,, Nety,, Nety.

9: def NEURALNET(self, weights, biases)

10: Build NN for ¢, p, ¢ with four sets of weights & biases.

11: def {Nety, Net,, Nety} (self, z, y, t)

12: {Y, p, ¢} = sel f NEURALNET(x, y, t, weights, biases)

13: u=0y & v=—0,v

14: def TRAIN(self, iterations)

15: Obtain training time & Losses; train the NN with Adam optimizer.
16: def PREDICT {u, v, p, ¢} (self, iterations)

17: {Upred, Vpreds Ppred> Pprea} = self. sess.run(z, y, t)

18: end function

19: Set training sets = {Z¢rains Yerains ttrains Utrains Vtrain, Ptrains Ptrain, layers}
= TimeDiscretizedNormalization(Simulation Data, timestep)

20: model = BUBBLENET(training sets)

21: model. TRAIN(#Iterations)

22: Rest procedures same as Algorithm 1

4.3 %k & THER

FT DA BRI 2 W 2 5, FRATT a3 S0 8 e BRGNS SR B EA T T
SRANTIN . FATE SIS RO RS R . R 2 N I SR R an -4, B
B b, B4R RIEI SR it 2k A B T “BREEIRNER” (exploding
gradients) , (HUZMRPRABREARSEIEH T . X T 202 i TRATE A b ds- 200 o
TEVIGRIR AR P 25 10, BEE B2 M0, AR 1R 2E & A8 RGO E I R 2
KA SRR e SCH, BB TOL-BFGS-B” (L EIA A K Adam {14
FHZ 2 N G528 BT DABRAR A - SeltAT i B AR B (B GRBE 1) 10000,

2 200000) , AERAUSE UG AT L-BFGS-B {ifbasiiii . fEfiibasii e —E
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