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Motivation: coal and blomass ga5|f|cat|on

* Thermal conversion systems
are very challenging to model:

* Particles have complex
shapes, a broad range of
sizes, shapes and density.

* Non-spherical particle
interact with other particles.

* Force closures are needed
for non-spherical particles,
1.e. drag and lift (maybe
even other unsteady forces
such as added mass and
history force)
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Drag Coefficient on Single Spherical and Non-

Spherical Particle
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Sphere (Stokes flow): cp = e
10° .
‘ crosswise and lengthwise Non-spherical particle (Stokes flow):
10 / disks and plates
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Non-spherical particle (Re < 10°):
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Drag Coefficient on_Packed Spherical Particle
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Wen & Yu (1966) for dilute suspensions and Ergun’s
equation (Ergun 1952) for denser systems are the earliest
e _° experimental efforts.
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Tenneti et al. (2011);

Hill et al. (2001);

Beetstra et al. (2007);
Gidaspow (1986);

Syamlal and O’Brien (1987);
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Drag Coeff|C|ent on Packed Non-spherical Particle

Normalized mean drag force from current simulation compare to F&H, T&H and T&Z
correlation.

|
Re & IBM F&H  %diff T&RH  %diff TRZ % diff
10 10% 358 278 —2251% | 365 199% 349 —2.72%
50 582 566 —280% |626 747% 592  1.67%
100 846 876 —358% | 914 814% 829  —1.96%
200 1410 1445 253% 1460 361% 1232 —12.62%
10 20% 687 439 —3510%| 657 —434%x |630 —837%
50 1113 895 —1966% | 1043 —628% | 988 —1129%
100 1581 1366 —1357% | 1474 —675% | 1341 —15.16%
200 2497 2202 —1178% | 2289 —830% | 1947 —2201%
5.81¢ H1/3 10 30% 13.14 746 —4318% | 11.98 —881% | 1157 —11.89%
F¢(¢) = —— + 0.4 P 50 2020 1538 —2383%| 1838 —902% | 1756 —13.06%
(1-¢) (1-¢) 100 2758 2329 —1556% | 2559 —721% | 2363 —1431%
] 0.616° 200 4282 3677 —1411% | 3934 —813% | 3427 —19.97%
. 10 35% 1938 1085 —4401% | 1641 —1532% | 1599 —17.46%
F¢’R°"*(¢’ Rem) ¢ Rem (0'95 + (1-9¢)* ) 50 2683 2142 —2016% | 2502 —675% | 2420 —9.83%
100 3659 3439 —601% | 3481 —a86% | 3266 —1075%
200 5776 6034 4.46% 5352 —734% | 4764 —1753%
| ——————————
8 1 16 1 3 1 A log )02 1
cp = + — 4 0.4210%4(~ loe ®)
o ° Re /¢, Re /® «/Re $1 D,
° o
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Human Learning versus Machine Learning

Human Learning Machine Learning
24
Sphere (Stokes flow): cp == F, = (F))(Re, $) + AFi(Re, b, (Frer, - 1)),
‘ add non-spherical shape T,= AT (Re.p.{riz1.....ru}),
Non-spherical particle (Stokes flow): Seyed-Ahmadi and Wachs (2020
8 1 16 1 Neighbor configuration
¢ = Re /&, T Re /& input features for ANN

| Re,db,X1,¥1.21.X2.¥2.22...Xn. Y+ Zn|

D. Leith, Aerosol Sci. Tech. 6 (1987) 153
‘ add large Re

Non-spherical particle (Re < 10°):
F!xsol (Rem)

‘ add concentration

Fisa1 (Rem) -
F(¢,Rep) = + Fy(¢) + Fy pe, (¢, Ren
( . ) (1—¢)? #(9) + Foren (¢ ) He and Tafti 2019

® Still spherical particles
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Problems

Curse of dimensionality:

As the number of features or dimensions grows, the amount of data we need to

generate grows exponentially.
1 neighbor Input: r; = (xj, v, z)) Output: Fy, ¢4

15 neighbor Input: 15X3 =45 Output: Fy, ¢4

Table 1
Number of spherical particles tested at each solid fraction.
Number of particles (N) ¢ = 0.1 191
¢ =02 382
¢=103 573
¢ = 0.35 669

each particle are collected, to yield 21,780 data points. All forces are fur-
ther normalized using the Stokes-Einstein relation:

The input is a vector containing 47 features (1 Reynolds
number, 1 solid fraction, relative distance in(x,y,z) from the
nearest 15 neighboring particles).

° He and Tafti 2019
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D, =3, N, =1000
D,= 45, N, = N2/ = 10001°

Overfitting
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Input parameter

1. Reduce the number of dimensions
2. Increase the sample size
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Introduce our team and methodology

Subteam 1: Experiment

Gretar
Tryggvason

Jiacai Lu

Diagnostic methods

Validation

Drop tower (Re, ®) \ ‘f
Training TensorFlow

i 3

Dimension reduction

L

Particle-resolved DNS

o MFiX

Training
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Using Machine Learning for closure terms in
multiphase flow modeling

For turbulent flow, the fluxes depend both
on resolved variables like void fraction and
vertical velocity and on variables describing
the average state of the unresolved state.

Fg: The correlation
W[ coefficient with
L various variables
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Fg: Horizontal gas fluxes
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Using Machine Learning for closure terms in
multiphase flow modeling

Feature ISportance

Fg: The importance of
various features as
measured by the Gini

coefficient ““m
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Flow around a falling solid sphere
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Solid motion is computed by solving the fluid equations for the whole domain, with the correct
density in the solid and the fluid.

A solid body motion is imposed in the solid by correcting the velocity in an iterative manner.

Collision is accounted for by adding repulsion forces. Proximity is determined using index
functions on the grid used for the solving the fluid equations.
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Falling solid spheres

The unsteady motion of 8 spheres in a The trajectories of the centroids of spheres in a
periodic domain, viewed from above periodic domain viewed from above. The circles
o ° denote the initial conditions. Trajectories leave and
° ® enter the domain
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Falling solid spheres

The Reynolds number of 8
solid spheres falling in a
periodic domain versus
time

Spheres’ Reynolds Number

700
5
©
The instantaneous drag g
coefficient of each sphere ©
versus time, computed from s
the slip velocity and the 9
acceleration of each sphere 3 “( ﬁ’
o I
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o ° 00
. ‘
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Falling solid ellipsoids

The trajectories of the centroids of the
ellipsoids in a periodic domain viewed from
above. The circles denote the initial
conditions. Trajectories leave and enter the
domain constantly.

By . /‘

, Thevorticity around falling ellipsoids. The vortices is
¢ i‘dentified by the iso-surface of A, =-2.0
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Experiments

700%30%30 um

* Turbulent flow
Im x Im x 1.5m plexiglas
tank
Two oscillating grids (in
phase)
Grid mesh size = 8cm

NI RESEARCH GROUP JOHNS HOPKINS

UNIVERSITY 17




Pair orientation

(b)* 1
e 0.8 i
&
Z ] - é 0.6
0.4
D=2 1
1 10 100
R/nk

Extracting particle orientations and positions by using multiple cameras.

%n =On+ ASn — A(n-Sn)n
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Experiments Cyclone separator

y4

1
l Drop tower

Injector (screw feeder)
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Plan

Subteam 1: Experiment
Diagnostic methods

Validation

N Drop tower (Re, ®) “
Rui Ni Xu Xu \
Training TensorFlow

i 3

Subteam 2: Simulation /'-_MFQ
- 12X
| @ Dimension reduction
S | )

e

-« '.
PLUI N
Training

Gretar o Particle-resolved DNS

Jiacai Lu
Tryggvason

o ° Validation
o o
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