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Machine learning (ML) is the study of computer algorithms that improve 

automatically through experience and by the use of data.
Mitchell, T. 1997

A neural network is a series of algorithms that endeavors to recognize 

underlying relationships in a set of data through a process that mimics the 

way the human brain operates.
Chen, J. 2020
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Fig. 1. (a) Experimental setup for measuring u2 on a metal surface. The color patches on surface represent polycrystalline grain

orientation variations. (b) Types of waves and particle motions generated due to propagation of ultrasonic waves.

of in-plane and out-of-plane particle motion with appropriate and necessary mathematical concepts. In

Section III, we describe the PINN methodology in detail and then explain its application for the quantifi-

cation of microstructure states. Section IV provides the details of pre-processing of the experimental data,

followed by section V where all the results are discussed in detail. Finally, we summarize our findings

in section VI.

II. PROBLEM DEFINITION

In this section, we will describe the physics of elastic wave propagation for in-plane and out-of-

plane particle motion along with the details on the corresponding data sets. Prior to that, we will

briefly describe the definition of the constitutive relations and the specific definitions for polycrystalline

Nickel. Polycrystalline Nickel exhibits a cubic symmetry and its microstructure is primarily defined by

the elements of stiffness tensor, i.e., c11, c12 and c44. Here, c11 represents the linear combination of

compressibility and rigidity, whereas c12 and c44 define the rigidity of the materials. These coefficients

define the strain in a continuum represented by a control volume whose surfaces are parallel to the
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Fig. 2. Physics-informed neural network to compute bc44 informed by physics described in equation (3).

neural networks not only satisfies the given data but also the governing equation as shown by the

physics-informed part. The spatio-temporal derivatives in the governing equation (9) are computed

by using the automatic differentiation [4]. The PINN algorithm aims to learn a surrogate u2 = u2⇥

for predicting the solution of (4). The PINN loss function is given as

Jbc44
(⇥) = �u2MSEu2 + �f2

MSEf2
, (10)

where the data loss is given by MSEu2 =
1

Nu2

Nu2X

i=1

��u2⇥(xu2) � u
data
2 (xu2)

��2, and the residual loss is

MSEf2
=

1

Nf2

Nf2X

i=1

|f2(xf2
)|2. The parameter �u2 , �f2

> 0 is the penalty parameter, which helps in

achieving the fast convergence. Here, xu2 and xf2
represent the spatio-temporal locations of training

data (experimentally measured u2) and the residual points, respectively. Our objective is to achieve

the optimal parameters of neural network for which the loss function defined in (10) is minimized.

Thus, the definition of the resulting optimization problem is expressed as

⇥⇤ = arg min
⇥2V

Jbc44
(⇥), (11)

where V is the parametric space. The stochastic gradient descent (SGD) method is the widely used

optimization method. In SGD, a small set of points is randomly sampled to find the direction of the

gradient in every iteration. The SGD algorithm works well to avoid bad local minima during training
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BubbleNet: Physics-Informed Neural Networks for general bubble dynamics  
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Methods  

Traditional DNNs  

Algorithm 1 DNN for predicting bubble dynamics

1: function DeepNeuralNet(self , x, y, t, u, v, p, �, layers)

2: (x̂, ŷ, t̂, û, v̂, p̂, �̂) = Update(x, y, t, u, v, p, �)

3: ( ˆweights, ˆbiases, ˆlayers) = self.InitializeNN(weights, biases, layers)

4: self.Loss = MSE[(u� upred) + (v � vpred) + (p� ppred) + (�� �pred)]

5: upred = self.Netu(x, y, t)

6: vpred = self.Netv(x, y, t)

7: ppred = self.Netp(x, y, t)

8: �pred= self.Net�(x, y, t)

9: Optimization method ’L-BFGS-B’ & Optimizer: Adam

10: def InitializeNN(self, layers)

11: Initialize all the weights & biases for Netu, Netv, Netp, Net�.

12: def NeuralNet(self, weights, biases)

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

14: def {Netu,Netv,Netp,Net�} (self, x, y, t)

15: {u, v, p, �} = self .NeuralNet(x, 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: {upred, vpred, ppred, �pred} = self. sess.run(x, y, t)

20: end function

21: Input = {x, y, t}, Output = {u, v, p, �}
22: Hidden layers = [30 neurons ⇥ 9 layers]

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

24: Set training sets = {xtrain, ytrain, ttrain, utrain, vtrain, ptrain, �train, layers}
= MaxMinScaler(Simulation Data)

25: model = DeepNeuralNet(training sets)

26: model.Train(10000)

27: Set target prediction time as tpred
28: Obtain {upred, vpred, ppred, �pred} = model.Predict(x, y, t) at tpred.

29: Save all the data & post-processing.

1

Shanghai University
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BubbleNet

Algorithm 2 BubbleNet: physics-informed neural network for bubble dynamics

1: function BubbleNet(self , x, y, t, u, v, p, �, layers)

2: (x̂, ŷ, t̂, û, v̂, p̂, �̂) = Update(x, y, t, u, v, p, �)

3: ( ˆweights, ˆbiases, ˆlayers) = self.InitializeNN(weights, biases, layers)

4: self.Loss = MSE[(u� upred) + (v � vpred) + (p� ppred) + (�� �pred)]

5: {upred, vpred, ppred,�pred} = self.{Net ,Netp,Net�}(x, y, t)

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

7: def InitializeNN(self, layers)

8: Initialize all the weights & biases for Net , Netp, Net�.

9: def NeuralNet(self, weights, biases)

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

11: def {Net ,Netp,Net�} (self, x, y, t)

12: { , p, �} = self .NeuralNet(x, y, t, weights, biases)

13: u = @y & v = �@x 
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, vpred, ppred, �pred} = self. sess.run(x, y, t)

18: end function

19: Set training sets = {xtrain, ytrain, ttrain, utrain, vtrain, ptrain, �train, layers}
= TimeDiscretizedNormalization(Simulation Data, timestep)

20: model = BubbleNet(training sets)

21: model.Train(10000)

22: Rest procedures same as Algorithm 1

2

Methods  
Shanghai University
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Case 1: single bubble movement  

Micro-bubble ( ) d = 4μm
Periodic BC ( )Δp = 10Pa

15μm

5μm
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( )p = 799.932Pa

IC: p0 = 799.932Pa (6mmHg)
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Case 1: single bubble movement  

0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5
y

0

0.5

1

1.5

2

2.5

3

U

10-3

t =20 s
t =40 s
t =1000 s
t =2000 s
t =3600 s

Shanghai University



21

Case 1: single bubble movement  
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Results  
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Results  
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The component for multiphase flow computation is estimated to satisfy general conservation laws.  
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Results  
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Error Analysis  
Shanghai University

Relative error  of training can taking the form:ϵ

ϵp =
|pNN − ptrain |

|ptrain |
ϵu =

|uNN − utrain |
|utrain |

ϵv =
|vNN − vtrain |

|vtrain |
ϵϕ =

|ϕNN − ϕtrain |
|ϕtrain |

Absolute error  of predictions can taking the form:|ϵ |

|ϵp | = |ppred − pexact | |ϵu | = |upred − uexact | |ϵv | = |vpred − vexact | |ϵϕ | = |ϕpred − ϕexact |
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