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Non-spherical particle —

+ Difficult to define the geometrical factors
sphericity, flatness, elongation and circularity,
etc.

« Data for the interaction force between non-
spherical particles and the fluids are limited.

« Correlation may be highly-nonlinear.

Objectives
» Developing a neural network-based force
model for a diversity of non-spherical particles.

*  From low O(1) to moderate O(100) Reynolds
number.

* From low to high volume fraction.

Shiwei Zhao et al., Int J Numer Anal Methods Geomech., 43 (2019)
Vinay V. Mahajan et al., Chemical Engineering Science, 192 (2018) 3
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Results

Strategy for MLP
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Soohwan Hwang et al., Powder Technology, 392 (2021)
MLP : Multi-Layer Perceptron

PR-DNS : Particle Resolved Direct Numerical Simulation

Spherical Harmonic (SH) Methods
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The SH method includes random numbers so the outputs have
different shapes
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VAE PR-DNS Development

* Deep CNN layers with ELUs + Simplified Spheric Gas Kinetic Scheme (GKS)

« 2,000 data to train, 400 data to validate, 10400 * Immersed boundary Method (IBM) / Direct Forcing
data for DNS « Adaptive Mesh Refinement (AMR)

* Less than 1% reconstruction error
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PR-DNS Results / MLP Eq. (1)
. Re =0.1~100, 10400 single particles C = ~ 2 : f;f -, €, = 1'21’”:(‘; ﬁvi
«  Two fully connected hidden layers with 32 and 8 nodes 2PUe” ()T ZPUo ()T

with ELUs, and an output layer with linear function
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MLP results

+ MSEs of ANN 1 for evaluation data are: P
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uy;(x, Re;)
pi(x,Re;)
Flow field prediction (TCNN)
« 0.1 <Re <100, x-direction velocity & pressure
« MSE :0.00091/0.013 ‘ I‘ |- —>
» Ignore the wake effect farther than 10 times Trvegular shaped
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PIEP : pairwise-interaction extended point-particle
G. Akiki et al., Journal of Computational Physics (2017) 9
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Collision algorithms in CFD-DEM

« DEM method involves iterative calculations for particles
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Collision algorithms in CFD-DEM
« Att=t and for the ji" particle,

Calculate N, k — k+1
—>  “inorout” for kih <
vertex
" |

- in? [ Calqulate mean

point & norm
/Y |
Calculate & with M
alculate 6 wi ) /
Add a vertex to X, the mean norm “ ~e-’

12



THE OHIO STATE UNIVERSITY

Results

Non-spherical particles
* Regular & irregular particles
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ANN model
» Correlate the relative position, rotational angle and
vertices to contact properties. Z
 Two ANN models for the detection and to
properties.
X
Dim. 256 128 64 32 16
1 N
2 _Lﬂ Contact detection : True/False Hy(q)= -~ v - 1og(p(y)) + (1 = y,)) - log(1 = p(3,))
i=1
/ »44%44444444{
X, j_}:]ﬁ %H Contact calculation : X, M,  MSE = % ;(Yé —¥)?
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MSE

ANN results
80,000 datasets for each cases (< CFD-DEM) gw
« Rapid calculations : < 1 sec for thousands of cases
« More accurate prediction compared to volume
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« This study provides the interaction force and collision models for the non-
spherical particles.

 In DEM, the NN based models can be implemented to obtain the interaction
forces and collision forces.

» Both models show high accuracy of prediction on the forces and collision
properties.

» The collision model can improve the computation efficiency.
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