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Abstract

In this study, a drag force model of irregular-shaped particles in gas-solid flows is investigated
using neural network approaches. Pre-developed variational autoencoder, multi-layer perceptron
model, and transpose convolutional neural-network model are utilized to obtain intermediate
parameters of a pair-wise interaction point-particle (PIEP) model. These parameters are utilized
to predict individual drag force coefficients of polydisperse, particulate flows. To apply the
PIEP-based model to medium-concentration flows, the average drag force coefficients are
obtained through an in-house particle-resolved direct numerical simulation, and a regressed
model is developed to predict solid volume fraction factors. With the regression model, the PIEP-
base model using the neural-network approaches shows good prediction in particulate systems
from low to intermediate concentrations. This study provides computationally efficient models of
practical, realistic particulate systems for large scale fluid dynamics simulation, in that it allows
predicting the drag forces of polydisperse particles with a small amount of data.



Nomenclature

AR aspect ratio

Cp drag force coefficient

d a spherical descriptor

d; a spherical descriptor of spherical harmonics at /
EI elongation index

FI flatness index

f solid volume fraction factor

) degree of spherical harmonics

p pressure

Re Reynolds number

u velocity

p density of fluid

v kinematic viscosity
Q@ solid volume fraction
Subscript

i,Jj indexes of the i-th and j-th particles

Jj — i perturbation to the i-th particle from the j-th particle
mac  Mmacroscopic

Superscript and upper accents

- averaged

= surface averaged

- volume averaged

~ with neighboring effects



1. Introduction

Gas-solid flows are ubiquitous in many applications such as dryers, fluidized bed reactors, and
pneumatic conveying systems [1]. Chemical looping process is one of good examples utilizing
gas-solid flows to produce energy or syngas from various fuel sources [2]. It consists of fluidized
bed combustor, riser, cyclone, packed moving bed reducer, and multiple flow patterns can be
found in the unit due to different flow conditions and configurations. To understand the different
flow patterns, the interaction force between particles and gas needs to be obtained.
Computational fluid dynamics can be used in this purpose, and particle-resolved direct numerical
simulation (PR-DNS) can be utilized to obtain exact flow patterns around the particles. The PR-
DNS requires intensive computation cost, so empirical force models have been applied to
interpret large scale gas-solid flows [3]. For example, two-dimensional fluidized beds have been
used to evaluate the bulk behavior of gas-solid flows, and correction factors can be applied to
match experimental results with existing, empirical models [4]. One of the reasons for the error
between interaction models and experiments is the shape factor of non-spherical particles since
most models assume spherical particles.

Much research has been performed to model drag force on non-spherical particles. However,
those studies have limitations in that they were conducted on single particles [5,6], regular-
shaped particles [7-10], or uniform particles [11,12]. Recently, some studies have applied
machine learning-based methods to multi-spherical particle systems to take neighboring effect
into consideration [13,14]. The downside of applying machine learning methods to multi-particle
systems is that it requires collecting numerous data, and it will be more computationally
intensive for polydisperse systems.

Over the past few years, we have been studying to establish interaction models that considers
particle shape and polydispersity of gas-solid flows with irregular-shaped particles [5,15,16].
Spherical harmonics have been applied to generate the irregular-shaped particles, and a
variational autoencoder (VAE) has been developed to extract the shape factors from the particles.
A multi-layer perceptron (MLP) model has been trained to obtain interaction forces including
drag force, lift force, and pitching torque. The drag force model has been expanded to dilute,
polydisperse systems using a pairwise-interaction extended point-particle (PIEP) model. To
apply the PIEP model, we have developed transposed-convolutional neural-network (TCNN)
models to predict velocity and pressure fields. All data have been collected using an in-house
PR-DNS model. The scope was limited to sparse concentration. It was because solid volume
fraction factor (f), which is from self-perturbation, was unknown. There have been studies to
formulate f factors or a whole drag force equation assuming uniform, regular particles [11,17-
19], but they are not for irregular-shape particles or polydisperse systems.

In this study, the f factors of the polydisperse systems are collected using the PR-DNS according
to average Reynolds number (Re) about between 1 and 70 and solid volume fraction up to 20%.
We develop a regression model from the data and apply it to the MLP, TCNN, and PIEP models



to predict individual drag forces of the polydisperse particles. As a result, it is confirmed that the
PIEP-based models fit well in the polydisperse systems having intermediate concentration as
well as in the dilute systems. The remainder of this article describes (1) how the neural-network-
based model and the PR-DNS have been established, (2) the regressed model for f factors, and
(3) the prediction results of individual drag force using the PIEP-based model with the regressed
model.

2. Model development
2.1. Spherical harmonics, neural networks, and PIEP model

In this section, we briefly explain how to generate irregular-shaped particles, extract geometrical
features, predict the drag force of single particles, and take neighboring effects into
consideration. Most of the contents are described in detail in previous studies [5,15].

To generate the irregular-shaped particles, the spherical harmonic method is applied. By solving
a Laplacian equation in spherical coordinates, spherical harmonics having different degrees (/)
can be obtained as solutions. By assigning normalized, random coefficients to the spherical
harmonics, the irregular-shaped particles can be generated. A spherical descriptor (d) is a
parameter to represent roughness of the irregular-shape particles. The d parameter is defined as:

g, = d /§(1+512+F12) (2)1.387 )

Zz=2(%)1.387 7

where d;, EI, and FI are spherical descriptor for spherical harmonics with a degree of /,
elongation index, and flatness index, respectively. d; can be interpreted as a weighing factor to
normalize coefficients of the spherical harmonics, and Eq. (1) shows that it is inverse
proportional to /. By using higher d, heavier weight can be applied to spherical harmonics having
higher /, and it results in generating more rough, irregular particles. Note that this spherical
harmonic method is for creating the irregular-shaped particles from scratch. To describe existing,
irregular-shaped particles in terms of the d parameter, an optimization procedure is required to
obtain the coefficients of spherical harmonic functions [20,21]. Eq. (1) is the empirical
formulation obtained by the optimization procedure with the actual, irregular particles. In this

study, shape factors (d, EI, and FI) are limited to the ranges of 0 to 0.5, 0.5 to 1, and ﬁ to 1,

respectively. We define an aspect ratio (AR) as the length of the longest axis divided by the
length of the shortest axis.

Using the spherical harmonic method, polydisperse particulate systems are collected. For ¢
below 20%, a simple random packing algorithm is applied. The preselected particles from the
evaluation datasets should be packed in the order of the largest to the smallest ARs. Otherwise,
low AR particles tend to be packed as the iteration continues. It results in smaller particles to be



packed in a domain. We allow the particles to be located along the boundary except in x-direction
and maintain the symmetry. This is for the PR-DNS method with periodic boundary conditions
(BCs), and it is for calculating the converged, macroscopic velocity easier and for not resulting in
strong channel flows.

For the higher solid volume fraction, the random packing algorithm cannot converge fast enough,
so an advanced packing algorithm is applied to generate denser systems through the following
steps.

1. Calculate the number of particles for a specific concentration and select particles
randomly from the evaluation datasets, which have been used to validate, but not to train
the neural-network models.
Arrange the selected particles randomly and make them as list A.
Select the first three different particles from A and group them as list B.
Packed the three particles at the center of the domain.
(Loop starts)
I.  From B, select one random particle (a) and select two more particles (b, ¢) within
an effective radius (40Ax) away from particle (a).
II.  Put the next particle (d) from A in the center of the three particles selected in Step
L
III.  Create a three-dimensional vector d perpendicular to the plain of particles (a), (b),
and (c¢).
IV.  Moved the particle (d) to the border of the domain by Ax using direction d.
V.  If there are overlapping particles within the effective volume, go back to Step IV.
VI.  If there is no overlap, add particle (d) in B, and go to Step I unless the total
number of particles is lower than the target.

A

To create the mesh and determine the overlap between particles, we have utilized functions from
TRIMESH library [22]. For Step I and Step V, we apply the effective volume to prevent
unnecessary iterations. To prevent the particles from packing too close, the particles are
expanded by a factor of 1.1. This is for maintaining at least one grid between the particles in the
domain of the PR-DNS. Fig.1 shows polydisperse systems having 10% and 24% generated by
the random packing method and the advance packing method, respectively. Note that the
irregular-shaped particles are randomly oriented when the spherical harmonics are applied, and
we do not rotate the particles further to increase concentration. To achieve higher concentrations,
the minimum potential method can be applied to rotate and closely pack the particles [23].



Figure. 1. Polydisperse, irregular particles having ¢ =10% (left) and 24% (right) packed by the
random packing method and the advanced packing method, respectively.

Because the spherical harmonic method involves random numbers, different-shaped particles are
obtained even with the same shape factors. Therefore, the VAE has been applied to extract
geometrical features of the particles as latent vectors, which are one-dimensional data with 128
parameters. The VAE is an unsupervised method, which consists of an encoder and a decoder
with convolutional neural-network layers, and it can regularize the latent space by using mean
and variance layers. Coordinates of the vertices of the irregular-shaped particles from the
spherical harmonic method are converted into voxel-based data and used as input data of the
VAE. The trained VAE reproduces the irregular-shaped particles with a low reconstruction error,
which means the latent vectors can represent the geometrical features of the irregular-shaped
particles.

The MLP model is a simple, artificial neural-network model consisting of fully connected layers.
The MLP predicts the interaction force coefficients of an irregular-shaped particle from its latent
vector with a given Re. This model shows particularly high accuracy for drag force. Although
there are simpler empirical models that utilize effective, projection area [6], the MLP model has
the advantage of being able to simulate lifting force and torque. The single particle data from the
PR-DNS have been utilized to train the MLP model. The PR-DNS provides not just force
coefficients but also velocity and pressure fields. The flow field data of the single particles have
been used as output data to train the TCNN models. From the latent vectors and Res, the TCNN
models are configured to predict the flow fields. They are used to take the neighboring effect into
account for multi-particle systems. To improve training efficiency, the TCNN models are trained
by limiting the domain size to 20 times the equivalent diameter of the particles. As the
concentration is low and Re is high, this assumption can cause an error due to the wake effect,
but as the concentration and the number of neighboring particles increase, this error decreases
because short-distance interaction becomes more important.



The PIEP method starts with defining undisturbed flow, which is imaginary flow at a particle
position in the absence of that particle, but with all neighboring particles exist. The PIEP method
assumes perturbation flow of each of neighboring particles can be considered separately, and the
total effect of all neighboring particles can be obtained by superposition of the individual flows.
More detailed derivation and formulation can be found in previous studies [16,24-26]. These
studies include not only drag force but also other interactions force components. The drag force
coefficient of the i-th particle in N-particle system can be formulated as:
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where ¢, d.4, v, and p are solid volume fraction, volume equivalent diameter, kinematic
viscosity, and density of fluid, respectively. ﬁf; joi(1¢) is surface averaged velocity in x-direction
(macroscopic flow direction) from j-th particle. The summation operators in Eq. (2) indicates the
superposition of neighboring particles, and the second term utilizes volume averaged pressure
gradient and Laplacian of velocity fields. Note that the f factor is a function of ¢ and Re but not
of shape factors. This will be confirmed in the following sessions. The pairwise interaction terms
can be calculated by individual flow fields from the TCNN models, and the isolated coefficient,
Cp,i, can be obtained from the MLP model. Therefore, the true drag force coefficient of the i-th
particle, C~D,i, can be calculated if the f factor is known. When C~D,i is obtained from the PR-DNS
or the PIEP method, the macroscopic pressure gradient is subtracted from the total force in x-
direction by using ¢. Fig. 2 shows the conceptual scheme of this study.
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Figure. 2. Schematic description of the PIEP-based neural-network drag force model. Adapted
from "Deep learning for drag force modelling in dilute, poly-dispersed particle-laden flows with



irregular-shaped particles," by S. Hwang, J. Pan, and L-S. Fan, 2023, Chemical Engineering
Science, 266, p. 118299.

The PIPE method assumes linear superposition and neglects particle interactions higher than
binary. These assumptions cause inherent errors in the PIEP model, but this method has the
advantage of greatly improving computational efficiency because the interaction force can be
derived from individual flow fields. This advantage is further maximized when the PIEP is
applied to multi-particle systems because it does not require extra data collection for machine
learning approaches.

2.2. PR-DNS

The PR-DNS in this study utilizes a gas-kinetic scheme assuming a spherical distribution
function [27] with an immersed boundary method. In addition, the PR-DNS uses adaptive mesh
refinement and the second order discontinuous Galerkin spectral element method with Gauss-
Legendre points to improve computational efficiency. More information can be found in our
previous studies [28,29]. In this study, we have applied a grid resolution of Ax = 6 for the
shortest axis (Axmin) of each particle for the arrays having ¢ < 0.05 and Axuin= 12 for higher ¢.
We have fixed the length of the smallest axis for the irregular particles in the polydisperse
systems. Therefore, the maximum length of the axis varies from 12 to 24 in case of Axpin = 12.
We maintain the total number of particles in the domain above 100 by adjusting the resolution.

To test the accuracy of the PR-DNS results according to the resolution, we have changed Axuix
from 6 to 24 for a polydisperse system with ¢ = 10% and performed the PR-DNS with Re = 70
and periodic BCs. Fig. 3 shows drag force coefficients with different resolutions for the PR-
DNS. Assuming Axyi» = 24 gives the accurate results, Axnin = 6, 12, 18 give the mean absolute
percentage errors of 7.7%, 4.8%, and 0.42% for individual particles. For the mean drag force,
they show the errors of 7.9%, 4.9%, and 0.44%, respectively.
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Figure. 3. The PR-DNS convergence study results. The particles are aligned in ascending order
based on the results using Ax,,;,, = 24.

When Eq. (2) is applied, we first superpose all flow fields and subtract the flow field of the i-th
particle to obtain the individual drag force coefficient. Fig. 4 shows the cross-sectional velocity
fields from the PR-DNS and PIEP method using 200 particles with ¢ = 0.108 and Re = 62.7 with
periodic BCs. The velocity field is used to calculate both the undisturbed flow force and the
pressure gradient term. The undisturbed flow force has the greatest influence on Cp. The velocity
field obtained from the TCNN model shows a similar flow pattern to the velocity field from PR-
DNS. Due to the nature of neural networks, the TCNN models predict blurry boundaries between
particles and fluid. When calculating the drag force of the particle of interest, the corresponding
flow field is subtracted, and a smooth velocity field can be obtained. The average surface
velocity is then obtained using the exact surface coordinates of the particle. Previous research
[5,16] has already revealed that the VAE and TCNN models predict smoother particles and more
symmetric flow fields. In numerical tests section, the neural network model will be evaluated in
the range of ¢ between 2 and 20%.
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Figure. 4. PR-DNS & superposed results using 200 irregular-shaped, polydisperse particles. The
color scale indicates dimensionless velocity (i, /Upqc)-

2.3. Regression model for solid volume fraction effect

Using the PR-DNS, 30 cases (Dataset 1) are collected using polydisperse particles with Re =
[0.82, 70], d = [0, 0.5], AR = [1, 2], and ¢ = {0.0050, 0.020, 0.061,0.11, 0.15, 0.20}.
Furthermore, to observe the impact of the shape factors on f, we have collected two more
datasets having different shape factors as shown in Table 1. Note that Re is the particle Reynolds
number, and it varies according to the equivalent diameter. Datasets 2 and 3 have the average,
equivalent diameter of 15.8Ax and 16.1Ax, and standard of deviation of 1.24Ax and 1.14Ax,
respectively. The MLP model can predict Cp with Re between 0.1 and 100 for individual
particles, so the upper limit of Re of the polydisperse systems is restricted to about 70.

Table 1. Shape factors of Datasets 1, 2, and 3

Dataset | Number of data | d AR @

1 30 00~05]1.0~2.0 |0.0050~0.020
2 3 00~0.1]15~2.0 |0.051

3 3 04~05]15~2.0 |0.11

To calculate the f factors, the individual Cps are obtained from the MLP not the PR-DNS as
follows.

2N enil e
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Fig. 5 shows log(f) /log(1 — ¢) according to Re and ¢, and it indicates that there is additional
solid volume fraction effect compared to the model provided by Di Felice [18] in Eq. (5). There
are other formulations, which are not over-simplified [11,30], but they did not use a single factor
to include the solid volume fraction effect. We choose to apply the single factor because it is
more convenient to be incorporated with the parameters from the MLP and TCNN. In this study,
we assume the f factors are the function only of ¢ and Re but not d or AR because Datasets 2
and 3 having different irregularity do not show much difference. This assumption is confirmed
again in the next section by applying the model to monodisperse systems.
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Figure. 5. log(f) /log(1 — ¢) according to Re and ¢.Blue lines indicate low concentration cases
showing higher errors and red lines indicate the results from Datasets 2 and 3 with different
ranges of irregularity.

The constants, a and b, can be obtained from Eq. (6), and it shows R? scores between 0.89 and
0.99 except the data having ¢ below 2%. The low concentration data show inconsistent or noisy
trend, so we regress the data between ¢ = 0.02 and 0.2 from Dataset 1. It will cause errors for
the systems having ¢ lower than 2%, but the absolute errors should be small because they have
low f factors. Fig. 6 indicates a and b according to ¢, and it shows good fit (R?> 0.99) with Eq.



(7) and Eq. (8). It can be observed that the datapoints from Datasets 2 and 3 also align well with
the trend from Dataset 1.
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Figure. 6. Constants (a) a and (b) b according to ¢. The red square and red circle marks indicate
the results from Datasets 2 and 3, respectively. The black marks are from Dataset 1.

3. Numerical tests

To test the f factors with the PIEP-based neural networks, six datasets are generated and applied
to the PR-DNS and the neural-network model. Table 2 shows the conditions and results from the
PR-DNS and the neural-network models. Fig. 7 shows the drag force coefficients from the PIEP-
based model and the PR-DNS, which are arranged in ascending order based on the true values
from the PR-DNS. Note that there is no extra data treatment like a moving average method.
Because the actual order of the coefficient cannot be obtained unless we obtain the true values



from the PR-DNS, the predicted data should not be averaged over the intervals based on the PR-
DNS to evaluate the performance of the model.

The results reveal that the PIEP-based model can predict the individual drag force with low
errors and moderate correlation as we have proven for low concentration systems. By predicting
the f factor, the average drag force can be obtained, and the PIEP method improves the accuracy
and correlation. The mean absolute percentage error (MAPE) shows between 6.65% and 17.5%,
and the R? score indicates between 0.45 and 0.7. The results indicate a similar range of error
compared to our previous study for low concentration systems [16] and the PIEP studies for
monodisperse spherical particles [24-26]. Cases 2 and 4 show the f factor is not affected much
by the shape factors. Note that we choose low 4R for this test because using high AR particles for
monodisperse systems results in highly oriented systems, which can provide quite different
results. This study aims to model and predict randomly oriented systems rather than oriented
systems. Even though Case 5 has lower ¢ than 2%, Eqgs. (6-8) still provide a closer f factor to the
true value than assuming unity. If we assume unity of the f for Case 5, it gives a MAPE of 11.5%
and an R? score of 0.57.

Table 2. Numerical test conditions and results using the PR-DNS and PIEP-based neural

networks.

Case 1 Case 2 Case 3 Case 4 Case 5 Case 6

dispersity poly- mono- poly- mono- poly- poly-

@ (%) 6.1 5.1 13 11 1.0 16

d 0.26 0.49 0.25 0.17 0.25 0.23

AR 1.39 1.09 1.40 1.09 1.38 1.47

Re 1.82 2.25 49.1 47.4 2.24 15.6
f/(1—¢9) 1.89/ 1.76/ 2.35/ 2.09/ 1.14/ 3.05/

(predicted/true) 1.92 1.77 2.46 2.05 1.10 2.95

(%vaﬁit(lzit 1077 | 665 | 134/ | 121/ | 990/ | 175
PIEP) 18.1 12.4 17.0 17.1 19.9 /23.9

2

(Wi th/I\{Vi thout 0.54/ 0.70/ 0.47/ 0.48/ 0.71/ 0.45/
PIEP) -0.36 0.0 0.018 -0.010 -0.071 -0.10
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factors prediction.

Despite the R? scores are significantly improved after applying the PIEP method, the MAPEs are
improved by applying the f factors to the MLP. The MAPEs are relatively high when ¢ is high,
and it is because the deviation of Cp predicted from the MLP is amplified by relatively large f
factors. Noise generated in Case 2 and Case 4 using monodisperse particles shows the inherent
errors of the superposition of the PIEP method. These errors are in a range of errors (0.53 <R? <
0.75) given in previous studies utilizing monodisperse, spherical particles [24-26]. However,
improved correlation and accuracy can be observed with high computational efficiency. Without
any optimization procedures, predicting Case 6 (400 particles), for example, takes only about 30
minutes using Intel(R) Core (TM) 17-7700 CPU @ 3.60GHz with 16 GB RAM. It is mainly due
to iterations of using TCNN, and there is room for further optimization such as simplifying the
TCNN for the pressure gradient, which does affect much the results. This approach is much more
efficient than obtaining data from the PR-DNS, which takes about 170 CPU hours for Case 6, for
example, using Dual Intel Xeon 6148s Skylakes. Because the PR-DNS for multiple particles is
computationally expensive, this study applies the PR-DNS to multi-particle systems only for
obtaining the f factors, and the neural network models have been trained by single particle data.

As noted above, the neural network-based PIEP method can predict individual drag force for a
wide range of gas-solid flows including polydisperse systems. The current model is limited to the
flow conditions we have used for training, but it can be easily expanded by adding the flow field
data of single particles. It does not require to collect huge amount of data for multi-particle



systems, and it allows us to improve computational efficiency significantly. Previous studies [24-
26] utilized PIEP to predict the interaction force for monodisperse spherical particles having ¢
up to 0.45 and provide moderate correlation. To apply the current models to polydisperse
systems having higher ¢, the f factors need to be formulated in that range. This requires
collecting high resolution PR-DNS data and more sophisticated packing algorithm such as the
minimum potential method. The current study can also be expanded by incorporating other
components of the interaction force, and the accuracy can be improved by taking non-linear
effect and higher order interaction into account in the future studies.

4. Conclusion

This study provides a neural-network- based drag force model for irregular-shaped particles in
gas-solid flows. The VAE, MLP, and TCNN models developed previously have been utilized to
obtain intermediate parameters of the PIEP method. The individual drag force coefficients of
polydisperse, particulate flows are predicted using the parameters from the neural-network
models. To apply the PIEP-based model to medium-concentration up to 20%, the average drag
force data are collecting by applying the PR-DNS, and the regression analysis is performed to
obtain the model to predict the f factors. The PIEP-base model can predict the induvial drag force
of polydisperse systems from low to medium concentrations by using the regression model. This
approach is computationally efficient because it only requires a small amount of data to establish
the model for the f factors and uses single particle data to train the neural-network models. This
is possible because the physics-based, PIEP model is used at the end of the whole scheme, and it
shows one of strategies for utilizing neural-networks efficiently.
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