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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.

Shiwei Zhao et al., Int J Numer Anal Methods Geomech., 43 (2019)
Vinay V. Mahajan et al., Chemical Engineering Science, 192 (2018) 3/1 1
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Particle-Resolved Direct Numerical Simulation (PR-DNS)
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Neural Networks

Variational Auto-Encoder (VAE)
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Interaction Force Model for Single Particles

(a)

Flatness
Orientation

- @, © Roughness
z m . 1 wl Shape *  Elongation

SH method

(b) A
% r Latent Particle
(4 vector coordinates |
28 —— d=0(DNS)
—8— d=0.25(DNS)
27 —8— d=0.5(DNS)
C,’ ~W- d=0{ANN)

~B- d=0.25(ANN)

25 ::_- d=8.;(ANN: IW!‘ ml MLP
eq
21 | Force
23 i o 8
‘ I Hidden layers | coefficients
259 E’S) " 259 ?S) 75 259 ?2) = - Input/output Iayers 2

MLP results (MSE) C,: 7.9 (3.3% MAPE)
C,: 0.00546
C,: 0.0647

CFD results

Soohwan Hwang et al., Powder Technology, 392 (2021) 7/ 1 1




THE OHIO STATE UNIVERSITY RESULTS

PIEP with MLLP and TCNN
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PIEP for dense systems
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Contact model

» Develop a ML-based contact model outside of DEM loop i’ <L Q.;)
to predict contact properties

« Regular, irregular-shaped particles “( P
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« This study provides ML-based force models for the irregular particle flows,
which is practical in industry.

 The PIEP-based approach is efficient in that it mainly requires data
for single particles.

« This study also provides computationally efficient collision force model,

which can be applied to CFD-DEM.
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