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Abstract—Computational fluid dynamics (CFD) is an essential tool for solving engineering problems that involve
fluid dynamics. Especially in chemical engineering, fluid motion usually has extensive effects on system states, such as
temperature and component concentration. However, due to the critical issue of long computational times for simulat-
ing CFD, application of CFD is limited for many real-time problems, such as real-time optimization and process con-
trol. In this study, we developed a surrogate model of a continuous stirred tank reactor (CSTR) with van de Vusse
reaction using physics-informed neural network (PINN), which can train the governing equations of the system. We
propose a PINN architecture that can train every governing equation which a chemical reactor system follows and can
train a multi-reference frame system. Also, we investigated that PINN can resolve the problem of neural network that
needs a large number of training data, is easily overfitted and cannot contain physical meaning. Furthermore, we modi-
fied the original PINN suggested by Raissi to solve the memory error and divergence problem with two methods:
Mini-batch training and weighted loss function. We also suggest a similarity-based sampling strategy where the accu-
racy can be improved up to five times over random sampling. This work can provide a guideline for developing a high
performance surrogate model of the chemical process.
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INTRODUCTION

Computational fluid dynamics (CFD) is a powerful tool that uses
numerical approaches to solve engineering problems involving fluid
motion and heat transfer. CFD has been employed in a wide range
of research fields, such as aerodynamics [1], weather dynamics [2],
environmental engineering, and industrial system modeling [3].
However, a critical issue of CFD simulations is their long compu-
tational times. Consequently, the application of CFD in analyzing
the real-time behavior of systems and predicting non-simulated
scenarios has been inherently limited.

Recent developments in machine learning have fundamentally
transformed many classical engineering approaches and provided
suitable alternative methods to solve complex tasks, including the
simulation of complex fluid motion and heat transfer. Motivated
by the potential of machine learning for speeding up numerical
simulation without compromising accuracy, a number of studies
have focused on developing a surrogate model that aims to replace
or accelerate CFD simulations. The most widely used surrogate mod-
els in chemical process engineering include polynomial approxi-
mations [4], Gaussian process (GP) [5], and deep learning models
[6]. Polynomial approximation is the most commonly used model;
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however, it is simple and its applications are limited to less com-
plex underlying models and local regions. GP is a nonparametric
Bayesian approach that works well on small datasets and can pro-
vide a measure of uncertainty for predictions. GP is suitable for
modeling small datasets where some prior knowledge of the gen-
erative process exists. Deep learning techniques have been widely
used to develop surrogate models for fluid flow systems owing to
their scalability with a large amount of data and hierarchical fea-
ture learning, which are suitable for large-scale and highly nonlin-
ear systems, respectively. Ling et al. [7] used a deep neural network
(NN) with embedded invariance for Reynolds-averaged turbu-
lence modeling. Na et al. [8] proposed a non-linear surrogate model
for toxic gas release scenarios using a variational autoencoder with
deep convolutional layers and a deep NN. To obtain a reliable model,
these deep learning approaches require a large amount of data to
avoid overfitting and undue extrapolation. Although the feature
extraction characteristic of deep learning is known to be advanta-
geous, these extracted features are often inconsistent with physical
implications. Hence, these purely data-based surrogate models
cannot be reliably used for inference in untrained spaces [9].

To overcome these limitations, several approaches to combine
scientific knowledge and deep learning models have been devel-
oped. Karpatne et al. [10] proposed a physics-guided NN that uses
scientific knowledge as physics-based loss functions in the learning
objective of NN in order to obtain a physically consistent model.
Raissi et al. [11] proposed a more advanced model called the PINN,
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in which the constraint term of the physical law described by gen-
eral non-linear partial differential equations is incorporated into
NN training. PINN is suitable for systems where the first princi-
ples are given in the form of partial differential equations, such as
fluid flow systems governed by mass and momentum conserva-
tion laws. PINN has numerous advantages over purely data-driven
models: it can be effectively trained with small datasets; it shows
high performance in regions without observable data because it can
be trained in any region to satisfy the governing equation without
actual data. It can also solve the inverse problem of finding un-
known parameters that converge toward their true values during
training. Owing to these advantages, the PINN approach has been
applied to several physical systems such as high-speed aerodynamic
flows described by the Euler equation [12], wall modeling in large-
eddy simulations [13], and the incompressible Navier-Stokes equa-
tion [14]. Previous studies have mainly dealt with fluid flow systems
only; and none of them have solved reaction kinetics and heat trans-
fer together, which is essential in the model development of chem-
ical engineering systems.

In this study, we investigated the feasibility of applying PINN to
a chemical reactor system, which is a continuous stirred tank reac-
tor (CSTR) with a van de Vusse reaction. A method for a training
system, including mass conservation equations, momentum con-
servation equations, heat conservation equations, and species trans-
port equations, is suggested. In particular, because the system requires
multi-reference frames owing to the mixing domain, we present
how the model framework is conceived for implementation. Fur-
ther, as the system operates by several different types of physical
equations and the number of system variables increases, reliable
performance cannot be obtained with existing PINN methodol-
ogy. Therefore, we suggest three strategies to improve model per-
formance. First, a large number of training data points are needed
to train the system; thus, mini-batch training is introduced to pre-
vent memory errors and increase model accuracy. Second, because
empirical and physics errors for each governing equation are of
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Fig. 1. Schematic of PINN.
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different scales and hinder proper learning, we adopt the concept
of the weighted loss function. Third, a similarity-based sampling
strategy is introduced, which can improve the performance of the
model when a sudden change in the system state occurs.

PINN

PINN, first proposed by Raissi et al. [11], is effective in finding
a robust solution from data derived from a system whose govern-
ing equations are in the form of partial differential equations. PINN
embraces a partial differential form of physical law in machine
learning, making it possible to learn not only the patterns of the
data but also their underlying physical laws. PINN is based on the
same algorithm as that of the feedforward NN, except for the loss
function. While the gradients of the output value errors are back-
propagated to update the weights and bias in the feedforward NN,
additional loss terms regarding the physical law determined using
automatic differentiation are included in PINN. Therefore, the loss
function consists of an empirical error term (MSE,) and a physics
error term (MSE)), as presented in Eq. (1).

MSE=MSE, + MSE; 1)

As presented in Eq. (2), the empirical error term is defined as
the mean squared error of the output variables, where {x,, y'}
(i=1, ..., N,) denotes the training data on y(x), N, is the number
of training data points, X, is mostly defined as a set of indepen-
dent space and time variables, and y are the system state variables
such as velocity components and pressure. The physics error term
in Eq. (3) is the mean squared error of the governing equations,
which can be calculated from NNs through automatic differentia-
tion, where {x}} specifies the collocation points for f(x), Ny is the
number of collocation points, and fis a set of physical equations.

MSE, = L 3yc) -y 2
y_ﬁZY(Xy)_y ( )
yi=1

f=utv,
f= p(u+uu, +vu,)+
Px— “(uxx ap uyy)
f= p(ve+uv, +vvy) +
Py — I‘(vxx ap vyy)
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As shown in Fig. 1, the model outputs from the NN are fed into
the first-principles model, and the error in the output variables
and the error in the physical equation are summed and backprop-
agated to update the hyperparameters of the NN.

PINNs are suitable for simulating a chemical reactor system
which is represented by a set of partial differential equations, such
as mass and momentum balances, heat conservation equations,
and species transport equations. However, because of the proper-
ties of the reactor system, where multi-reference frames exist and
are governed by various types of physical equations, PINN struc-
tures need to be modified, and several strategies are needed to
improve model performance. In the subsequent section, we suggest
a loss function and model structure relevant to the target system.

MODEL DESCRIPTION

In this section, we introduce the modeling method of a CSTR
with a van de Vusse reaction using a model framework based on
CFD and PINNs. The CSTR with the van de Vusse reaction has
been widely used as a benchmark problem owing to its nonlinear-
ity [15]. There are two types of reactions commonly found in the
literature: isothermal [16,17] and non-isothermal [18,19]. A non-
isothermal reactor was used in this study to consider fluid flow;
heat transfer, and reaction kinetics together.

1. CFD Modeling

Fig. 2 depicts the reactor geometry: a flat-bottomed, fully baf-
fled tank, with a diameter of 0.288 m and a height of 0.288 m. It has
one inlet, one outlet, and centrally located pitched-blade impellers
that rotate at a speed of 10 rpm.

Van de Vusse reactions are referred to from Ridlehoover et al.
[20], and the kinetic parameters that we used for the target system
are presented in Table 1. The model component properties and
the initial and boundary conditions are also listed in Table 1.

The reactor is divided into two domains: the inner and outer.
The inner domain is assigned around the impeller, and the outer
domain is the rest of the domain. The inner domain refers to the
moving reference frame, which rotates in the opposite direction of
the impeller, and the outer domain refers to the stationary frame.

Table 1. Reaction kinetics, component properties, and initial and

boundary conditions
Kinetic parameters
Reactions
A (1/s) E, (J/mol)
A—5>B 3.575 * 10° 8.109 * 107
B-5C 3.575 % 10° 8.109 * 107
2A-5D 2512 % 10° 7.113 * 10
Component properties
P 934.6 kg/m’
U 1.0 * 10 kg/m-s
(o 3,010 J/K-kg
K 0.6 W/m-K
Mw, 155.3 kg/mol
D 2.88 * 107> m?/s
Initial conditions
Ca 2.23 * 107 mol/L
C, 1.04 * 10~ mol/L
C, 0.91 * 10~° mol/L
C,, 0.92 * 10”* mol/L
T, 79.591 °C
Ty 104.9°C
Cus 5.1 * 10~ mol/L
T, 77.5°C
Q 3.89 * 107> L/sec

Therefore, the governing equation for each domain varies accord-
ing to the reference frame. A set of governing equations that satisfy
each domain is explained in the section on the governing equa-
tion, and the PINN model architecture that integrates two differ-
ent domains into one model is introduced in the section on the
PINN architecture.

The mesh structure is composed of 0.3 M cells. We performed
a mesh convergence test on eight different meshes. The graph on
the left in the Fig. 3 shows the average velocity value at the outlet
according to the number of meshes and the graph on the right
shows the average mole fraction of d at the outlet according to the
number of meshes. When the number of meshes is more than

H =0.288m
T =0.288m
c=0.055m
w = 0.03m

h=0.021m
R =0.144m

Fig. 2. Reactor system geometry and tank specifications.
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Fig. 3. Mesh convergence test results.

0.2 M, the simulation results converge. We used ANSYS-Fluent v19.2
to generate the model training data calculated through CFD. After
the simulations were completed, the values of the state variables
(velocity components, pressure, and temperature) and the mole
fraction of each component according to time and position were
exported.

2. Governing Equations

The target system is governed by the mass, momentum, and
energy conservation laws and the species transport equations. We
used a laminar model for the viscous model and assumed a com-
pressible flow. Specifically, for our system, we consider two domains
with different reference frames, and thus each domain follows a
different form of physics law. The velocity vector is converted from
a moving reference frame to an absolute frame using

V=V +(Wx1).

@

The term v is the absolute velocity vector, \7, is the relative
velocity vector, W is the rotating angular velocity, and  is the posi-
tion vector from the origin of the moving system. The governing
equations for fluid flow in an absolute frame can be written as fol-

lows:
The equation for the conservation of mass is

B . ()=
LV-(p)=0, 5)

where pis the density.
The equation for the conservation of momentum is

L)+ V(P == Vp+V- (D), )

where 7 is the stress tensor.
The equation for the conservation of energy is

gt(pE) +V-(V(pE+p)) =V - (KVT+T-V), @)

where E is the internal energy.
The equation for species transport is

L(p¥)+V- (Y )==(PDVY)+R, ®)
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where Y; is the local mass fraction of the " species, and R; is the
net rate of the production of species i by a chemical reaction.
For the relative velocity formulation, the governing equations of
the fluid flow in a moving reference frame can be written as follows:
The equation for the conservation of mass is

Py (o7)=
L+V-(pV)=0. ©)

The equation for the conservation of momentum is
g(pvi)w.(p?,\?,)+p(ﬁx?,+\7;x$x%):—v;>+v~(?,). (10)

The momentmn_)equation contains two additional acceleration
terms. The (ZWXV,) term is the Coriolis acceleration, and the
N . . .
(Wxwxr) term is the centripetal acceleration.
The equation for the conservation of energy is
o -
S(PE)+V-(pVH)=V-(VT+7,7), (1)
where E, is the relative internal energy and H, is the relative total

enthalpy.
The equation for species transport is

L(p¥)+V- (VY = V(pDVY) +R, 12)
These equations will contribute to PINN training.
3. PINN Architecture

We designed the PINN to infer all the states of interest, ie,
velocity components (u, v, w), temperature (T), and mole fractions
ofa,b,cand d (f, f, f, £;). x:= (x, y, 2 1) is introduced as a set of
independent space and time variables and y := (u, v, w; T, f,, f;, f,
p) represents the set of state variables. Based on the PINN frame-
work [11], the output variable is approximated using a feed-for-
ward multi-layer NN:

Y~ N(x; 6), (13)

where NV is an L-layer NN with a set of input variables x and a
network parameter @ This network represents a compositional
function, which is



Physics-informed deep learning for data-driven solutions of computational fluid dynamics 519

(a)
- number of layer=5
number of layer=7
——— number of layer=9
= number of layer=11
—— number of layer=13
107"
2
o
-
107
0 50 100 150 200 250 300 350 400
Epoch

(b)
—— number of layer=5
number of layer=7
——— number of layer=9
= number of layer=11
number of layer=13
10"
2
o
-
107
0 50 100 150 200 250 300 350 400
Epoch

Fig. 4. Loss graph for various numbers of layers: (a) Training data loss, (b) test data loss.

Mx; 9)=2F 05 o 03l (x) (14)

Zﬂ(zﬂ—l) — Zﬂ.: O_/l(wﬂ_ Zﬂ—l

+b%) where A=1, ..., L (15)
where the symbol © is the composition operation, A is the layer
number, z° := X is the input to the network, z° := y is the output of
the network, W* and b* are the network parameters of layer 1
known as weight and bias, and ¢ is the activation function.

The architecture of a PINN consists of 11 layers, including 100
neurons for each layer, whose numbers are determined empiri-
cally by simulating several cases. Too many layers prevent a model
from being generalized, and a small number of layers is not suffi-
cient to represent the system. Fig. 4 shows training and test loss
according to the learning epoch for various number of layer. The
number of epochs means how many times the entire dataset is
passed forward and backward through the neural network. As
shown in Fig. 4, when the number of layers exceeds 11, model
accuracy does not improve anymore. Training and test data loss
oscillate more when the number of layers is 13, reducing model
stability. Each node is fully connected to the nodes of the previous
layer and contributes to the next layer’s nodes with the tangent
hyperbolic activation function.

As mentioned, the loss function consists of an empirical loss
term, which is the mean squared error between the real and pre-
dicted values of the output variables, and a physics loss term, which
is the model error of the governing equations consisting of deriva-
tive terms calculated through automatic differentiation from the
networks. A weighted loss function is used here. In particular, for
our system, the total loss of the network, MSE, includes a loss term
for the output variables (MSE,, MSE; and MSEy) and the physics
equations (MSE,, ), MSE;, MSE; and MSE; ).

cont

MSE= Wexp(MSEu +MSE+MSE,) + Wiy MSE, |
+wphszSEﬁ+wphylMSEfk+wphy4MSEﬂm, (16)

where the empirical loss term is evaluated at training points {x,,
Vo Zp b, 0, v, W, T, £, 3, £} i=1, ..., N,, and the physics loss
term is evaluated at a collocation point {xs y, z ti} i=1, ..., N;
The empirical loss terms are expressed as

MSE,, = NL%du(x)i— ul’ + by v + ) =wl) a7)
ui=1
1 N, i i2
MSE; =310~ T1) (18)
ui=1

%) (19)

£y~ ]+ [f,(0) £ +

f.(x) - f]

1Y
MSEy= E‘Z(
ui=1

The physics loss terms differ depending on whether the colloca-
tion point belongs to the inner or outer domains. The loss term
for the mass conservation equation is

13
MSE, =—
o=

fi=1

fciamlz)' (20)

The loss term for the momentum conservation equation is

LR i i ioiii
o Ef I THED 6y g ex,
mi=
MSE, = N3]
fu 1 New iz PR i1 S
St [+ S HRD 6 vh 7 5 € X

N

outi=1

where X, denotes the inner domain and X,,, denotes the outer
domain.
The loss term for the energy conservation equation is

1 &2 ii i
N_z(|fkm| ) {Xf’ Yf> Zf; tf} EXM
ini=1 )
1 2 i
N Z(‘fkw’ ) {Xf: Yf> ny tf} € Xout

outi=1

MSE, = 22)

The loss term for the species transport equation is

MSE, _ (23)

1 N 2 2 i |2 i Qi
N_Z;( + + fspecbm ) {Xf, Yp Zp tf} X,
mi=

— >

1 Ry 2 2 2 iioii
Z(fspeca J + ) {Xf’ Yf’ Zf’ tf} € szt
Nowizt .

i i
fspecum fspec,,m

£l
SPEC“W’ SPEC;,W!
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The detailed forms of all governing equations are listed in the
Appendix. The network is trained by minimizing the total loss using
the backpropagation algorithm, where every weight is updated by
calculating the gradient in each weight with respect to a loss func-
tion with Eq. (24). It is repeated until the total loss is smaller than
the stopping criterion. The model was trained by the optimization
package, AdamOptimizer in TensorFlow.

Wi=W,+a * (24)

where the w;; is theweight for neuron j in layer i in the current

Training data set

Demp
=¥z t,uv,W,k, fo, fp, fc)

4

11 layers
]

§ MsE,

Fig. 5. PINN model structure for CSTR with Van de Vusse reaction.

t=0.1s
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x (m)

(©

CFD

y (m)

0.0

x (m)

training iteration, wj is theupdated weight for neuron j in layer i,
and o is the learning rate.

As shown in Fig. 5, the entire training data set is composed of
D.,, and D, D,,, is the training data set used to calculate the
empirical error, which is the set of the input and output variables
of the network. D, is the collocation data set used to calculate the
physics error, which is the set of only the input variables of the
network. Collocation data are divided into two domains, and the
physics losses are calculated separately using Eqs. (20)-(23). These
physics losses are summed and combined with the empirical loss
calculated by Egs. (17)-(19) to determine the total loss, and the

Dpny = (%, 3,2, t)

4
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[> moving refernce
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+
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Fig. 6. Comparison of PINN model and CFD for velocity magnitude: PINN model solutions of the velocity magnitude at 0.0005s and
0.005 s (a), (b), CFD solutions of the velocity magnitude at 0.0005 s and 0.005 s (c), (d).
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Fig. 7. Comparison of PINN model and CFD for mole fraction of A: PINN model solutions of the mole fraction of component A at 0.035s
and 0.05 s (a), (b), CFD solutions of the mole fraction of component A at 0.035 s and 0.05 s (c), (d).

network is trained by minimizing the total loss using the back-
propagation algorithm. A total of 2 * 10> data points were used for
training data and 2 * 10° data points were used for collocation
points. The PINNs were trained using Tensorflow v1.10.0 with a
NVIDIA GTX Titan GPU.

RESULT AND DISCUSSION

1. Model Verification

Fig. 6 and Fig. 7 show contour plots of the velocity magnitude
and mole fraction of component A for the CFD model and the
PINN model in a vertically sliced cross section of the reactor. The
PINN model shows good agreement with the CFD model for all
state variables, extracting the proper flow pattern. The L, relative
error as presented in Eq. (25) of the PINN model is 1.98 * 10" for
the velocity magnitude and 3.661 * 10~ for the mole fraction of
component A (Table 2). The first reason for this large L, relative
error is that the CFD simulation does not provide an exact solu-
tion with a numerical error, which leads to errors in the PINN
model. The second reason is that the system has many state vari-
ables to be learned and governed by highly nonlinear physical
equations, which makes it difficult for the surrogate model to find
the global optimum.

Table 2. L, relative error of PINN model for states variables

State variable L, Relative error

Velocity magnitude 1.98 % 107"
Mole fraction of A 3.66 * 107
Mole fraction of B 221 %107
Mole fraction of C 125 %1072
Temperature 122% 107"

N 2
2’z':l(YVeal, i Ygred, i)
N 2
Zis1Y real, i

L, relative error= (25)

Fig. 8 shows a comparison between the performance of PINN
and NN in developing the surrogate model. We used the same
network structure for the NN as the PINN, and this network is
trained with the loss function as follows:

MSE=w,,,(MSE, + MSE;+MSEy), (26)

where the weight was assigned the same value as in the PINN
model.

NN shows a higher accuracy in predicting output values, with
an empirical loss lower than that of the PINN. However, the phys-
ics loss of the NN is much larger than that of the PINN because
the NN does not learn physical laws. In Fig. 9, the images of h)
and i) represent the z-component of the learned velocity vector of
the PINN and NNs, respectively, for the cross section in xz plane.
While the PINN can extract the representative characteristic of the
flow; NN shows noise that does not have any physical meaning
because of overfitting. For a simple system, the empirical error of
the NN is sometimes larger than that of the PINN; however, for
the CSTR with an impeller, which has a complex geometry, PINN
mostly has a larger empirical error than the NN. This is because
the boundary condition, such as the non-slip condition on the
surface of the impeller; that imposes non-linearity on the system
makes it difficult for the PINN to obtain the optimum solution.
Furthermore, the error of the governing equation, for example, the
continuity equation, increases in regions where the velocity varies
significantly, such as the boundary. Therefore, the loss term for the
continuity equation implies that the model does not change sig-
nificantly at the boundary condition, which yields a large empiri-
cal error. For this reason, the empirical error of PINN is larger

Korean J. Chem. Eng.(Vol. 39, No. 3)
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Fig. 8. Loss graph of PINN and NN: (a) Empirical loss of PINN and NN against number of epochs and (b) physics loss of PINN and NN
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Fig. 9. Comparison of PINN model, NN model, and CFD for velocity components: x-direction of velocity solutions obtained using CFD,
PINN model, and NN model (a), (b), (c), y-direction of velocity solutions obtained using CFD, PINN model, and NN model (d), (e),
(f), z-direction of velocity solutions obtained using CFD, PINN model, and NN model (g), (h), (i).

than that of the NN, even though its physics error is much smaller
than that of the NN.
2. Improvement of Model Performance
2-1. Mini-batch Training

We encountered a memory allocation error when more than
approximately 5,000 data were trained at once using a 16G GPU.
This is because TensorFlow pre-allocates the entire memory of the
GPU [21]. Mini-batch training can resolve the memory error issue
by dividing the entire dataset into several batches, making it possi-
ble to require memory only for the batch size, and not the total

March, 2022

data size. The parameter is updated for every mini-batch of n train-
ing data points. When the batch size is 1, the so-called stochastic
gradient descent, the model encounters the issue of high fluctua-
tion of parameters during training [22]. A proper batch size should
be specified to avoid model performance degradation and reduce
the variance of the updated parameters for more stable conver-
gence. Batch training not only resolves the memory allocation
error but also improves the learning speed of the model. To find
optimal batch size, eight cases with batch sizes ranging from 10 to
50,000 were simulated and learning performance was compared.
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Fig. 10. Total loss of PINN model for different batch sizes against
Training time (sec).

Fig. 10 is the result of comparing the training loss according to the
learning time. As shown in following figure, the best learning per-
formance is shown when the batch size is 100.
2-2. Weighted Loss Function

The loss function consists of two parts: empirical and physics
terms. The value of each term should be maintained at a similar
level for proper learning. To maintain the size of each term, we
introduced a weight for every loss term. The weight of each phys-

Table 3. Weight of each loss term

th}’l 1
—6
W 1%10
—18
Wi 110
th}/ . 1

ics loss term is presented in Table 3. Because the loss values of the
momentum and energy conservation equations are very high, the
weight of each term was set to a low value. The terms constituting
the energy conservation equation are, for example, kVT, inherently
larger than the terms of the momentum conservation equation
because the scale of the temperature variable is much larger than
that of the velocity variables. After setting the initial weights, we
adjusted the weights further. We found that each weight affects the
performance of the model. As shown in Fig. 11, when the weight
of the empirical term is set to a high value, the contour plots show
more obvious and detailed patterns. This is because the model
behaves similarly to an NN as the weight of the empirical error
increases. Accordingly, the empirical loss decreases and the phys-
ics loss increases as the weight of the empirical error is set to a
high value, as shown in Fig. 12.
2-3. Similarity-based Sampling Strategy

When the data are selected randomly based on time and posi-
tion, we face the problem of poor model accuracy when the state
changes rapidly. Because our system starts from a stationary state,

CFD PINN (W, = 100) PINN (Wepp = 10) PINN (Wepp = 1)
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2
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Fig. 11. Comparison of PINN models for several empirical term weights: x-direction of velocity solutions obtained using CFD and PINN
model for empirical term weights of 100, 10, and 1 (a), (b), (c), (d), y-direction of velocity solutions obtained using CFD and PINN
model for empirical term weights of 100, 10, and 1 (e), (f), (g), (h), z-direction of velocity solutions obtained using CFD and PINN

model for empirical term weights of 100, 10, and 1 (i), (j), (k), (I).
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Fig. 12. Loss graph for various empirical term weights: (a) Empirical loss of PINN model for several empirical term weights against number
of epochs, (b) physics loss of PINN model for several empirical term weights against number of epochs.
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Fig. 14. Number of sampling data over time (total number data sets).

it changes rapidly at the beginning until it reaches a stationary state.
This leads to degradation in the model performance, as shown in
Fig. 13. To address this issue, we introduced a similarity-based sam-
pling strategy. This sampling strategy is based on weighted sam-
pling proposed by Kalal et al. [24], where the data are sampled
based on given weights. In this study; we defined such weights with
data similarities.

In a similarity-based sampling strategy, the number of sampled
data in a certain domain is determined based on their similarity.
We sampled more significantly changing data, and we reduced the
number of samples where the data points at different time points
showed a similar pattern. The similarities between the states are
measured by the mean absolute error between adjacent times t;
and t,, for every state variable that is located at the same position
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50 60 70 80 90 100

Time (s)

as shown in Eq. (27) n is the number of data points for which
similarity is calculated. The number of sampling data N; for time
index i is calculated using Eq. (28) and the distribution of the num-
ber of sampling data over time for the system is presented in Fig,
14. As expected, most of the sampling data were populated during
the early stage in time, and the number of samples decreased as
the system reached a steady state.

m— j=u, v w, f, f,, £, k, i=time index (27)
© ]
n Vi1 i
n N,
DIED I T
N;=N » = (28)
218
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As shown in Fig. 15, the model with random sampling showed
poor performance between 0 and 0.02's because the number of
sampled data points was insufficient compared to the high variety
in the data pattern. Therefore, the model with the weighted sam-
pling showed a considerably higher accuracy during the time inter-
val of 0-0.02s compared with the random sampling model. Nu-
merically, as shown in Fig. 16, the model with similarity-based

t(s) ( 0 0.01 002 | 003 004 0.05
“ EATITETETEY
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&

Fig. 15. Comparison of random sampling and weighted sampling.

sampling achieved an L, relative error of up to five times lower
than that of the random sampling model at 5 * 10™*s.
3. Comparison of PINN Model with 1-D ODE Model

In the previous section, we investigated the performance of
PINN, which finds a solution comparable to CFD with training
data and governing equations. In particular, in the reactor model,
the inhomogeneous state due to the internal flow plays an import-
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Fig. 16. L, relative error of random sampling and weighted sampling over time for velocity magnitude.
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Fig. 17. Comparison of ODE, CFD, and PINN model: (a) Average mole concentration of component A and (b) average mole concentration

of component B.

Korean J. Chem. Eng.(Vol. 39, No. 3)



526 S. Choi et al.

Table 4. Calculation times of ODE, PINN, and CFD (Calculation
time: total elapsed time during simulation)

Model ODE PINN CFD

Calculation time (s) 721 * 1072  2.86* 10>  3.72 % 10°

ant role in determining product quality. The CFD model can sim-
ulate the fluid flow; but it has a limitation in industrial applications
because of its long calculation time. Although a simple one-dimen-
sional (1-D) ODE model can be simulated in real time, it cannot
consider the fluid flow inside the reactor. PINN resolves both the
problems of the CFD and the ODE model.

In this section, we investigate the difference in the results of the
1-D ODE, CFD, and PINN models, and how each model has dif-
ferent implementation times. As shown in Fig. 17, the molar con-
centration of component A calculated by the 1-D ODE model is
smaller than that determined by the CFD and PINN models. This
is because the components B, C, and D produced from compo-
nent A are accumulated in the upper part of the reactor that can-
not be stirred, hindering the reaction of component A. In the 1-D
ODE model, states that are different from the actual phenomena
are predicted because of the assumption of the homogeneous phase.
From the results in Fig. 17, it is obvious that fluid flow should not
be ignored because it has a large effect on the reactor system state,
such as temperature and product specification. However, as pre-
sented in Table 4, the CFD model takes 3.72 * 10’ s using 16 CPU
cores of Intel®Xeon® CPU E5-2697 v2 @2.70GHz to implement
the model and that prevents its use in real-time applications. Even
though it takes about 4 * 10"s to train 2 * 10° data sets, it takes
very short time to implement the model after training. Therefore,
the PINN model can be used for real-time optimization or con-
trol of a system that includes fluid flow. PINN is 1,300 times faster
to implement than CFD, making it suitable for use in real-time
problems; the accuracy of the PINN is also similar to that of CFD,
as shown in Fig. 17.

CONCLUSIONS

We investigated the possibility of using PINN to develop a sur-
rogate model of CSTRs with the van de Vusse reactions. We could
find a solution that satisfies all the governing equations of mass,
momentum, energy conservation, and species transport.

Because the system was governed by various types of physical
equations and contained a multi-reference frame, we could not
find a proper solution with the default setting of the PINN, which
has been presented by Raissi [11]. Thus, a modified model frame-
work that can implement a multi-reference frame system was intro-
duced. In addition, we suggested three ways to enhance the per-
formance of the PINN. First, we introduced mini-batch training.
A full batch can only be used when the number of data is small
because it requires a large amount of memory. In addition, it is
known that a large batch size leads to poor generalization. A small
batch can provide a model with a stochastic effect that allows the
model to explore a wider range. For our system, we confirmed
that PINN also has the advantages of a mini-batch that contrib-
utes to faster convergence and better generalization. Second, we
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used a weighted loss function. This was necessary because the
scale of the physics loss was considerably larger than the empirical
loss term, which led to poor learning performance. After we set
each term to a similar size, we performed a more detailed adjust-
ment of the weight. We tested the effects of weights on the train-
ing results. The model showed a more detailed pattern when the
weight of the empirical term was larger, while the model likely
learned a representative pattern when the weight of the empirical
term was smaller. This could be adjusted according to the pur-
pose of the model. However, it has a problem in that priori knowl-
edge is required for determining the value of the weight because
the scale of the physics loss terms is not known before the simula-
tion. In future work, we will develop an adaptive learning method
that can adaptively determine the weight of each term during train-
ing. Third, we introduced a similarity-based sampling strategy.
The concept of “similarity” was proposed and the number of sam-
pling data was allocated in inverse proportion to the similarity.
Using similarity-based sampling considerably improved the model
accuracy in cases when a sudden change in the system state oc-
curred.

The solution from PINN has the same fidelity as that of CFD
with similar accuracy. CFD is the only way to simulate a system
that involves fluid flow. However, CFD has a critical problem of a
high computational cost, which makes it difficult to apply to vari-
ous problems such as system design and optimization. We con-
firmed that the PINN can dramatically reduce the calculation time
while maintaining the fidelity of the CFD. However, it is difficult
to obtain as high accuracy as CFD with PINN, especially for the
more complex system. Therefore, the application of PINN is inevi-
tably limited in application that requires as much accuracy as CED.

In this work, we trained and developed the surrogate model for
a single CFD case. We expect the model can be extended to a gen-
eral surrogate model that can simulate various operating condi-
tions with training on various cases. Like any other machine learning
technique, PINN is hard to predict the completely outside of train-
ing domain. However, because the PINN learns physics equa-
tions, it will have a higher accuracy and would be more reliable in
untrained regions than a black box model. This work shows that a
system with complex flows can be simulated in real time and sug-
gests the possibility that such a model can be used for system opti-
mization and control.
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NOTATION

A :pre-exponential factor

b*  :bias parameter at layer A

: specific heat

C, :initial concentration of component A
:initial concentration of component B
: initial concentration of component C
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C,,  :initial concentration of component D
C,  :concentration of A at input flow
D :diffusivity
E  :internal energy
E,  :relative internal energy
E, :activation energy
f,  :mole fraction of component A
:mole fraction of component B
:mole fraction of component C
:mole fraction of component D
: governing equations
6 o £ £ £ £ £ £ £ £ £ £ 2 6 £
fio: fspecumi % fspe%» fia: fspec%’ fis: fspzcaw,) fia fspec;,m’ fis: fspeq.w,}
f.s :continuity equation
:momentum equation for x-direction for inner domain
:momentum equation for x-direction for outer domain
f,  :momentum equation for y-direction for inner domain
:momentum equation for y-direction for outer domain
f,  :momentum equation for z-direction
: energy conservation equation for inner domain
f,, :energy conservation equation for outer domain
: species transport equation for component A for inner domain
fipe,  :Species transport equation for component B for inner domain
: species transport equation for component C for inner domain
.. :species transport equation for component A for outer domain
fopes,, : Species transport equation for component B for outer domain
_ :species transport equation for component C for outer domain
H, :relative total enthalpy
K :thermal conductivity
MSE : total loss
MSE; : total physics loss
MSE;,, : continuity equation error
MSE;, : momentum conservation equation error
MSE;; : energy conservation equation error
MSE;,, : species transport equation error
MSE; : output variable of temperature error
MSE, : output variable of velocity error
MSE, : output variable of components mole fraction error
MSE, : total empirical error
Mw, :molecular weight
N, :number of data points
N;  :number of collocation points for f

I A Ih

f: £

N,,, :number of output variables

N :number of total training data

p  :pressure

Q;  :input mass flowrate

R, :net rate of the production of species i

t  :position vector from the origin of the moving system
S;;  :similarity index at time i and component j

T  :temperature

T, :initial temperature of reactor

T,  :input flow temperature

T,  :wall temperature

u  :x-direction velocity component

u;  :output variables {u;: u, uy: v; us: W, ug: k, us: £, ug: £, vz £}
v :y-direction velocity component

T 2%

P

speca,?

=
®

%% Zyw N T R N

: absolute velocity vector

: relative velocity vector

: z-direction velocity component
: rotating angular velocity

: weight parameter at layer A

W, : Weight for empirical loss term
Wy, : weight for physics loss term
X, :inner domain

Xy :outer domain

X  :x-direction location

Y,  :mass fraction of i" species

y  :y-direction location

: predicted output from the input X’

: exact solution of output variables at x
: z-direction location

: density

: viscosity

: stress tensor

: relative stress tensor

: feed forward multi-layer NN

: network parameter

:activation function at layer A
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APPENDIX
fcont: ux+vy + Wz (Al)
f, =p(u+uut+uv+uw-ouy-ux—v))
+px_lu(uxx+uyy+uzz) (AZ)
f,. =p(u+uu+uv+uw)+p,— (U, +u,+u, (A3)

f, =p(v,+vutv,y+v,w—a(v,y—v,x+v))

Py MVt V) V) (A4)
£, =Vt vutvv+v,w)+p,— iV, tv,,+v,) (A5)
f,=p(w,+wu+ W,V +W,W) +p,— lU(W t W, + W) (A6)

f, = pCP<Tt— %-F (uu,— ouy+v+ovx+ww)+uT, +vT + wTZ)

+p(u(uu— ouwy+vv,+ ov+ww,)
+V(UL,— OUY— GUAVV,+ OV, X+HWW,)
+wun,— owy+vv A+ ovx+ww,)—- K(T + T+ T.,))
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— (U= ) (WU, )+ (V+ OK) (Vi 7, V)
+w(uxx+uw+uzz)+(uy+vx)2+(uz+wx)2+ (Vz+wy)2+2(u,zc+vj+w§)) (A7)
ti..=PCy(kAUT AVI W) +up,+vp, +Wp,~ K(T+ T, +T..)

= (0 U HU) Y (Vi 7, V) HW (U U, 0L
HU AV AW+ (VAW +2(E+VAW) (A8)

fspecum =(f, +(u-oy)f, +(v+wx) fu} +wf,)-D(f,_+ fu” +f, ) +f.r,
5P

+ 2
Mwufa(z - fa - fb - fc)

(A9)

fxpecbm =(f,+(u-oyf, +(v+ a)x)fby +wf,)-D(f, + fb” +f, ) —f.r,
+f,r, (A10)
fopee. =(f,+(u—y)f, +(v+ a)x)fcy+ wf)-D(f,_+ fC” +f.)
—f,r, (A11)
fspecw =(f, +uf, + Vfuy +wf,)-D(f, + fuw +f, ) +f1,

3P
+ 2
Mwufa(z - fa - fb - fc)

(A12)

fopec, =0, +ufy +vi, +wh)=D(f, +1f, +f, )—fr+fr (A13)

specy,,,

fspecw =(f +uf, +vi +wf )-D(f +f +f )—f,r, (A14)

y-2 (19)
2y

Y= 320, (Al6)

r=k,C, (A17)

r,=k,Cp (A18)

r,=k,C} (A19)



