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ABSTRACT: The accuracy of coarse-grained Euler−Lagrangian
simulations of fluidized beds heavily depends on the mesoscale
drag models to account for the influences of the unresolved
subgrid structures. Traditional filtered drag models are regressed
with mesoscale markers such as voidage and slip velocities. In this
research, a filtered drag was regressed with both mesoscale and
macroscale markers using fine-grid Computational Fluid Dynam-
ics−Discrete Element Method (CFD-DEM) simulations. The
traditional nonlinear regression method was compared with
machine learning regression using an Artificial Neural Network
(ANN) implemented in PyTorch and coupled with MFiX. The
new drag showed higher accuracy than the Wen−Yu drag and
another filtered drag derived from the two-fluid model. The
nonlinear regression shows slightly better results than ANN regression in cases with similar R2 values. The utilization of the gas inlet
velocity as an additional macroscale marker reduced the errors by up to 55.3% in the tested cases.

1. INTRODUCTION

Fluidized beds are widely used in biomass pyrolysis and
gasification,1,2 methanol-to-olefins,3−5 coal gasification,6 and
many other processes that need good gas−solids mixing. The
strong gas−solids interactions lead to complex hydrodynamic
phenomena including bubbling, slugging, clustering, and
channel flows.7−9 Computational Fluid Dynamics (CFD)
simulations with the fine-grid two-fluid model (TFM) can
capture these complex phenomena.10 However, they are not
suitable for practical use at large scales due to the large
computation cost. Coarse-grid simulations with mesoscale drag
corrections are widely used in practice.5,11−14 The mesoscale
drag models such as the Energy Minimization Multi-Scale
(EMMS) drag and the filtered drag greatly improved the
accuracy of the coarse-grid simulations.15,16 The recently
developed spatially averaged TFM can also predict accurate
results using coarse CFD grids with constitutive relations
derived from fine-grid TFM simulations.17−19 These models
considerably enhanced the utilization of CFD in the simulation
of fluidized beds.
In the EMMS model, the drag coefficient is obtained by

solving a nonlinear optimization problem constructed from the
lumped hydrodynamic equations closed by a stability condition.
In an early study,20 the EMMS drag model was derived by
adding an acceleration term. The drag model was regressed as a
function of voidage. Then it was further developed by

considering the different acceleration velocities of the dilute
phase and dense phase.21,22 The drag was regressed as a function
of voidage and slip velocity. Later, a revised cluster size model
extended the applicability of the EMMS drag to both Geldart A
and Geldart B particles.23 The bubble-based EMMS model
extended its applicability to bubbling and turbulent fluidization
regimes.24−26 Further research includes the extension to binary
systems12,27 and the coupling with Euler−Lagrangian simu-
lations.28−30 Recently, a generic EMMS drag model was
developed using an Artificial Neural Network (ANN) to cover
a wide range of material properties and operating condi-
tions.31,32

In the filtered model, the drag coefficient is obtained by
filtering fine-grid simulations. In the early study,33,34 the filtered
drag was regressed as a function of voidage. Further develop-
ments added the slip velocity,35−37 voidage gradient,38 and
material properties39 to the regression model. The drag
coefficient was also modeled with a drift velocity40−42 that is
defined as the difference between the filtered gas velocity seen by
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the particle phase and the filtered gas velocity seen by the gas
phase. The drift velocity was regressed as a function of voidage,
slip velocity, and other case-dependent parameters. Recently,
the ANN-based regression showed better correction coefficients
than nonlinear regressions. It was used to regress filtered drag
using pressure gradients as an additional maker,43,44 considering
the influence of neighboring cells,45 and generalization with
different material properties and cascading-based extrapolation
to larger filter size.46

The current filtered drag models only used mesoscale markers
without considering the effect of macroscale markers that are
commonly used in the EMMS drag. Fundamentally, there are no
macroscale parameters in the volume-averaged Navier−Stokes
equations. However, these equations are subject to boundary
conditions, which are macroscale parameters, e.g., inlet velocity.
The influences of macroscale parameters over the filtered drag
and stress models of gas−solid flows were reported in the
literature. The simulation of riser flows showed that the effective
drag is significantly influenced by both gas velocity and solid
hold-up.47 The macroscale domain averaged Reynolds number
and solid fractions were found to have a substantial effect on
filtered and residual stress.48

TFM simulations have difficulties resolving particle size
distributions (PSDs) and capturing the influence of particle
shapes, while the Euler−Lagrangian methods can directly
resolve them.49 Current research indicates that the subgrid
drag models are also important to the coarse-grained Euler−
Lagrangian simulations.29,50−52 Similar to the filtering of fine-
grid TFM, the filtered drag model can also be constructed from
the filtering of fine-grid CFD-DEM simulations.53−55 The
subgrid gas velocity was also reconstructed from the grid-scale
pressure balance equation according to weighted local
porosities56 or simplified momentum equations.54 However,
due to the limited research of filtered CFD-DEM drag models,
many of the coarse-grained Euler−Lagrangian simulations are
still using the drag models derived from fine-grid TFM.51,57,58

Recent research59 showed that the filtered TFM drag model
overcorrects the influence of subgrid structures if used for
simulations with only fluid coarse-graining.
This research will derive a mesoscale drag correction through

the filtering of fine-grid CFD-DEM simulations of a fluidized
bed under different superficial gas velocities. The macroscale gas
velocity and mesoscale voidage and slip velocity will be used as
regression markers. The ANN and traditional nonlinear
regression methods will be compared. Lastly, the filtered drag
for coarse-grained CFD-DEM simulations will be tested in the
simulation of a bubbling fluidized bed with different operating
conditions.

2. METHOD

2.1. The Gas Phase Model. In Euler−Lagrangian
simulations, the gas phase is governed by volume-averaged
Navier−Stokes equations:
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where εg, ρg, and ugare the volume fraction, density, and velocity
of the gas phase; Pg is the pressure for the gas phase; and τgis the
stress for the gas phase. g is gravity and Idragis the gas−solid drag
force.

2.2. The Solid Phase Model. The movements of the
particles are based on Newton’s second law of motion:
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where mP is the mass of the particle and dP is its diameter. vP is
the translation velocity of the particle. The forces considered
include the gravity force, pressure gradient force, drag force, and
collision force (FC). The drag coefficient β is calculated using the
Wen−Yu drag model. The collision force is calculated by the
linear spring-dashpot model in DEM:
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where n is the unit vector in the normal direction. kn and kt are
spring constants in normal and tangential directions, respec-
tively. ηn and ηt are damping coefficients in normal and
tangential directions, respectively. δn is the particle−particle
overlap. vn and vt are relative velocities in normal and tangential
directions. μs is the sliding friction. δt

(n) and δt
(n − 1) are the

tangential overlap at the current and the previous step.
The rotations of particles are tracked by

I
d
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and wP is the angular velocity. The moment of inertia IP is
calculated by mPdP

2/10. Xc and Xp are the contact point and
positions of the particle.

2.3. Estimation of Mesoscale Drag. The filtering method
is illustrated in Figure 1 with an example of 16 fine grids in 2-D.

The filtering of the fine-grid simulation is the coarse-graining of
the gas phase variables. As shown in Figure 1, considering a
domain with 16 fine grids, the coarse-graining with a ratio of 2
lumps them into four coarse grids. The values of the coarse-
grained voidage (εg̅), velocity (u̅g), and pressure gradient ( Pg∇ )
are calculated by

Ni

N
i

g
1

g,∑ε
ε

̅ =
= (8)

Figure 1. The filtering of fine-grid CFD-DEM simulations (a) with a
coarse-graining ratio of 2 (b). The colors of particles represent the
different heterogeneous indexes.
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where N is the number of fine grids lumped into a coarse grid.
The interphase force per particle volume is a summarization of

the pressure gradient force and the drag force. In the fine-grid
simulation, it is calculated as
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where βfineGrid
WenYu is the drag coefficient calculated with theWen−Yu

drag60 model.
After coarse-graining of the CFD grids, this force is expressed

as
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The heterogeneous index Hd is introduced to address the
influence of coarse-graining. Letting fcoarseGrid

particle, i be equal to ffineGrid
particle, i,

we can get
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Hd is calculated for each particle in the system. In this process,
the effect of pressure gradient force is lumped with drag force as
the same simplification was used in previous research due to its
minor effect.51,53 The influence of particle coarse-graining was
also neglected as its effect was reported as minor in a previous
research.51 However, the generated model was tested with both
fluid coarse-graining and particle coarse-graining in this
research.
2.4. Coupling MFiX with PyTorch. In this research, the

filtered drag was regressed with both traditional nonlinear
regression (NLR) and artificial neural network (ANN)
implemented in PyTorch (https://pytorch.org/). The NLR-
based model was coupled withMFiX by explicit implementation
in the MFiX usr_drag module. As illustrated in Figure 2, the
Fortran-based MFiX and Python-based PyTorch model was

coupled through Fortran-Call-C and PyTorch C++ API
(LibTorch). The PyTorch model was converted to Torch
Script via tracing. Then, the Torch Script was serialized and
saved to a file that was then loaded with the MFiX-PyTorch
program at runtime. A demo case is available to share upon
reasonable request.

2.5. Fine-Grid CFD-DEM Simulations. The air fluidization
of Geldart A particles with a diameter of 0.075 mm and a density
of 1500 kg/m3 was simulated with MFiX-DEM with parameters
in Table 1. As shown in Figure 3, the rectangular fluidized bed

has a cross section of 120 dp× 120 dp and a height of 480 dp. The
particles are initialized at the bottom section with a height of 120
dp and a voidage of 0.6. The CFD grid size is 3 dp in each
direction, and the Divide Particle Volume Method (DPVM) is
used to calculate the interphase interpolations. The gas flows
into the bed from the bottom boundary with a constant velocity
and flows out from the top boundary with a constant pressure of
101.3 kPa. Nonslip boundary conditions are used at four
sidewalls. Configuration of this fluidized bed was also used in
other researches investigating subgrid drag corrections.43,59

3. RESULTS

3.1. Filtered Drag from Bubbling Bed with One
Macroscale Velocity. In this section, the fluidized bed in
Figure 3 was simulated with a gas inlet velocity of 0.10 m/s.
There are 1.32 million particles in the fluidized bed. The results
from 3.0 to 7.0 s were analyzed at a frequency of 20 Hz. The total
number of particle data points is about 104 million.

3.1.1. Regression of Mesoscale Drag. Considering different
coarse-graining ratios, the total number of Hd counts can be
billions. To reduce the difficulties in data processing and also
avoid the influence of noise, the results of Hd are binned based
on the filtered voidage and dimensionless filtered slip velocity
calculated as

Figure 2. Flowchart illustrating the coupling of MFiX and PyTorch-
based ANN model.

Table 1. Particle Properties and Parameters Used in the Fine-
Grid CFD-DEM Simulations

properties/parameters value

particle diameter (mm) 0.075
particle density (kg/m3) 1500
spring constant (N/m) 10
restitution coefficient (−) 0.9
friction coefficient (−) 0.3
inlet gas velocity (m/s) 0.050, 0.075, 0.100, 0.125, 0.150

Figure 3. Dimensions of the simulated fluidized bed.
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where ut is particle terminal velocity. These dimensionless
parameters allow the model to be used for other simulations of
particles with different densities and sizes.
For a coarse-graining ratio of 5, the heat map of the number of

particles in terms of different filtered voidage and dimensionless
slip velocities is shown in Figure 4a. The results indicated that
most of the particles are in the dense region with a voidage of 0.5
to 0.6 and a dimensionless slip velocity less than 0.5. There are
no particles in the region with high slip velocity and small
voidage. The binned results of the heterogeneous index with a
coarse-graining ratio of 5 are shown in Figure 4b. A total of 60

bins are used for filtered voidage and 50 bins are used for
dimensionless filtered slip velocity. The bins with less than 1000
particles are removed from the results to avoid the influence of
rare scenarios. The values at the dense bins with a voidage of
0.40 to 0.41 and the dilute bins with a voidage of 0.99 to 1.0 are
set to 1.
When the slip velocity is close to 0 as shown in Figure 4b, the

heterogeneous index is larger than 1. This is because, under this
low slip condition, the calculated drag coefficient is very small.
However, this low slip velocity is only an averaged value of many
subcells with varied slip velocities and a large drag coefficient can
exist in these subcells. So, the heterogeneous index is larger than
1 under these conditions. A heterogeneous index larger than 1
was also reported in a recent study to build a filtered drag model
from TFM simulations.44

In some research,45,54 the original data are directly used.
However, there is no fundamental difference between the
binned data and the original data. The binning process
smoothed the numerical noise and averaged the influence of

Figure 4.Heat map of filtered voidage and dimensionless slip velocity with a coarse-graining ratio of 5 generated from fine-grid CFD-DEM simulation
(a) and binned results of the heterogeneous index (b).

Figure 5. Comparison between true values and NLR regression predicted values of the heterogeneous index. (a) Plot of true values and predicted
values. (b, c, and d) Results at different coarse-graining ratios (CGRs) and dimensionless slip velocities of 0.52, 0.76, and 1.00, respectively. Scatter
points: true values, lines: regressed values.
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other potential markers not included in the regression model,
e.g., pressure gradient, voidage gradient, slip velocity gradient,
collision forces, neighbor particles, and others. The process also
eliminated the influence of different data concentrations as
shown in Figure 4a where the particle count density is 6 orders of
difference in different conditions. Thus, better regression
coefficients are usually achieved using binned data.
Considering different filtering sizes (coarse-graining ratios),

the heterogeneous index was regressed with the following
equations:
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where Vcell is the volume of the CFD cell and αsis the solid
volume fraction in that cell. This regression model is a modified
version of the previously used model in the regression of the
filtered drag derived from fine-grid TFM simulations.37

Using optimize.least_squares from scipy, the calculated
coefficients are

Figure 6. Structure of the artificial neural network used in this research.
Three hidden layers with 64, 32, and 16 nodes.

Figure 7. Comparison between true values and ANN regression predicted values of the heterogeneous index. (a) Plot of true values and predicted
values. (b, c, and d) Results at different coarse-graining ratios (CGRs) and dimensionless slip velocities of 0.52, 0.76, and 1.00, respectively. Scatter
points: true values, lines: regressed values.
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The true values and the nonlinear regression predicted values
of the heterogeneous index are compared in Figure 5a. The
fitting is good as theR2 value is 0.98 and the errors are not biased.
Regressed results and true values at different coarse-graining
ratios (CGRs) and dimensionless slip velocities of 0.52, 0.76,
and 1.00 are compared in Figure 5b,c,d, respectively.
To further improve the regression accuracy, the same data

were also regressed with an ANN implemented in PyTorch. The
structure of the ANN is shown in Figure 6.
To avoid overfitting, 80% of the data was used to train the

model and 20% was reserved for testing. The true values and the
ANN regression predicted values of the heterogeneous index are
compared in Figure 7a. The fitting is slightly better than the
nonlinear regression as the R2 value is 0.99 on both the training
data and the testing data and the errors are not biased.
Comparing Figure 7b,c,d with Figure 5, we can see that the
traditional nonlinear regression model predicted heterogeneous
index is smoother than that regressed with ANN. This is because
the traditional nonlinear regression is based on a preselected
form of nonlinear equation with only 20 parameters. However,
the ANN used in this research has 2881 free parameters.

3.1.2. Test of the Regressed Model. To assess the
performance of the regressed model, the bubbling fluidized
bed was simulated with different coarse-graining ratios of 2
(6dp), 4 (12dp), and 5 (15dp). In each case, both the CFD grid
size and the parcel size are scaled by the coarse-graining ratios of
2, 4, and 5. The time-averaged axial voidage profiles are
compared in Figure 8. As shown in Figure 8a, the simulation
with the homogeneous Wen−Yu drag model60 predicted a
higher bed height, and the relative errors increased with the
increase of coarse-graining ratios. Figure 8b shows the results of
CFD-DEM simulations with a filtered drag model derived from
fine-grid TFM simulations.37 The accuracies of all the tested
coarse-graining ratios are significantly improved. The predicted
bed height is slightly lower than the fine-grid simulation result.
Figure 8c,d displays the profiles calculated with the newly
derived drag model regressed with the traditional nonlinear
regression (NLR) and ANN, respectively. Both of them largely
increased the accuracy, and the result with the ANN regressed
model does not show superiority compared with traditional
NLR.
To quantify the accuracy of different simulations, the relative

error is defined as

N
Er 100

i

N
i i

1

CG FG

∑ ε ε
= ×

| − |

= (24)

where N is the number of coarse CFD grids in the height
direction. i

CGε is the averaged voidage of coarse-grained

simulations. i
FGε is the averaged voidage of fine-grid simulations

mapped to the coarse grid. Quantitative comparisons of different
drag models with different coarse-graining ratios (CGRs) are
shown in Figure 9. The fTFM drag, NLR-based fDEM drag, and

Figure 8. Voidage profiles across the height of the fluidized bed
calculated with different drag models and coarse-graining ratios. 3dp,
6dp, 12dp, and 15dp in the legend indicate the CFD cell size. See eq 23
for the definition of Er.

Figure 9. Relative errors of voidage profiles calculated with different
drag models and coarse-graining ratios. See eq 23 for the definition of
Er.
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ANN-based fDEM drag reduced the mean error by 68.9% (from
4.70 to 1.46), 80.6%, and 74.7%, respectively. The fDEM-based
results are better than fTFM-based results as expected.

However, the errors predicted by the ANN-based model are
slightly larger than those predicted by the NLR-based model. As
shown in Figures 5 and 7, the heterogeneous index calculated
from the NLR model is smoother than that calculated from the
ANN model and the ANN model using linear interpolation in
the dense regions. The potential overfit of the ANNmodel is low
as the same R2 values in both the training data set and the testing
data set are observed. The computation wall time of the
simulation with the ANNmodel is about 1.48 (CGR= 2) to 1.87
(CGR = 4) times of that with the NLR model. The poor
performance may be because of the large size of the network
used in this research. In a recent research32 of the ANN
regressed EMMS drag model, the computation wall time is
about 1.21 times of the traditional method using a smaller ANN
of three hidden layers with 32, 16, and 16 nodes in each layer.
Further reduction of the ANN size leads to computation wall
times similar to traditional methods. In that research, the
simulations were performed with TFM and the ANN was
directly implemented in user-defined functions. However, the
direct utilization of the PyTorch library is more flexible as it can
be easily extended to more complex networks if needed.

3.2. Filtered Drag from Bubbling Bed with Multiple
Macroscale Velocities. In this section, the fluidized bed in
Figure 3 was further simulated with gas inlet velocities of 0.05,

Figure 10. Comparison between true values and regression predicted values of the heterogeneous index. G: dimensionless inlet gas velocity. CGR:
coarse-graining ratio. (a) Parity plot; (b) dimensionless slip velocity equals 0.52, CGR = 8; (c) dimensionless slip velocity equals 1.00, CGR = 4; and
(d) dimensionless slip velocity equals 1.00, CGR = 8.

Figure 11. Voidage profiles across the height of the fluidized bed
operated with different inlet gas velocities calculated with different drag
models. (a) Ug = 0.05 m/s and (b) Ug = 0.15 m/s.

Figure 12. Evolution of bubbles in the fluidized bed operated with a velocity of 0.05 m/s. (a) Time = 8.14, (b) 8.15, (c) 8.16, (d) 8.17, and (e) 8.18 s.
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0.075, 0.125, and 0.15 m/s. Together with previous simulation
results at 0.10 m/s, the influences of macroscale gas inlet
velocities were analyzed. Similar to the previous section, the
particle-scale heterogeneous indexes were grouped into bins
based on the filtered voidage and dimensionless slip velocity.
The voidages from 0.4 to 1.0 were equally divided into 60 bins,
and the dimensionless slip velocities from 0.0 to 4.0 were equally
divided into 50 bins.
3.2.1. Regression with Multiscale Markers. As shown in eq

24, an additional term χ is added to the previous nonlinear
regression model to address the influence of macroscale gas inlet
velocities. It is regressed with five additional parameters as a
function of the filter size, voidage, dimensionless slip velocity,
and dimensionless macroscale gas inlet velocity.
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The regressed values of these coefficients are

a 4.802706, 12.753237, 67.982539,

96.535179, 104.148042, 0.014874, 0.200902,

0.00102, 0.038998, 1.492272,

0.317903, 0.121642, 0.024993, 0.155943,

4.673687, 18.12709, 0.016406, 0.248029,

707.455212, 5.49012, 0.086153, 0.614471,

0.174122, 0.546865, 0.170773

1 25 = [ −

− −

− −

− −

−

−

− − − ]

−

The true values and the nonlinear regression predicted values
of the heterogeneous index are compared in Figure 10. The R2

value of 0.97 indicates a good regression of the model. Thus,
there is no need to further explore ANN regression as the
previous result already proved that the accuracy of the
traditional NLR model is comparable or even better than that
of the ANN-based model as long as it can regress the
heterogeneous index with high accuracy. The reason is that
these different regression models are only working as a
numerical model to provide a correction value given an input
condition.

3.2.2. Test of the RegressedModel.The regressedmodel was
tested in the simulation of the fluidized beds with inlet gas
velocities of 0.05 and 0.15 m/s. The errors in simulations using
the drag model with the gas inlet velocity as an additional marker
(blue line with squares in Figure 11) are reduced by 55.3 and
19.5%, respectively.
The macroscale condition such as the gas velocity in the

bubbling fluidized bed dominates the evolution of mesoscale
structures such as the generation, merging, rising, and breaking
of the bubbles. Figure 12 shows the evolution of bubbles in the
fluidized bed operated with a velocity of 0.05 m/s. From time
8.14 to 8.15 s, three small bubbles, outlined with black lines in
Figure 12a, are merged into a big bubble as shown in Figure 12b.
Then, it moves upward slowly due to the resistance of the
particles above it. The small bubble below it, outlined with white
lines in Figure 12b, moves up faster and merged with it at time
8.16 s. Several similar merges happened at time 8.17 s, and the

Figure 13. Evolution of clusters in the fluidized bed operated with a velocity of 0.15 m/s. (a) Time = 8.14, (b) 8.15, (c) 8.16, (d) 8.17, and (e) 8.18 s.

Figure 14. Dimensions of the simulated fluidized bed and main
simulation parameters.

Table 2. Particle Properties and Parameters in the
Simulations

properties/parameters value

particle diameter (mm) 0.081
particle density (kg/m3) 2493
spring constant (N/m) 200
restitution coefficient (−) 0.9
friction coefficient (−) 0.3
inlet gas velocity (cm/s) 7.28, 15.79
solid inventory (kg) 0.670
CFD grid length (cm) 6.35/32, 6.35/20, 6.35/16
coarse-graining ratio 12, 15

Industrial & Engineering Chemistry Research pubs.acs.org/IECR Article

https://doi.org/10.1021/acs.iecr.1c03644
Ind. Eng. Chem. Res. 2022, 61, 882−893

889

https://pubs.acs.org/doi/10.1021/acs.iecr.1c03644?fig=fig13&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.iecr.1c03644?fig=fig13&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.iecr.1c03644?fig=fig13&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.iecr.1c03644?fig=fig13&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.iecr.1c03644?fig=fig14&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.iecr.1c03644?fig=fig14&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.iecr.1c03644?fig=fig14&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.iecr.1c03644?fig=fig14&ref=pdf
pubs.acs.org/IECR?ref=pdf
https://doi.org/10.1021/acs.iecr.1c03644?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


big bubble touches the freeboard of the bed and breaks up at
time 8.18 s.
When the fluidized bed is operated under a gas velocity of 0.15

m/s, as shown in Figure 13, the hydrodynamics in the bed are
dominated by the evolution of clusters rather than bubbles.
From time 8.14 to 8.15 s, a bubble, outlined with red dash lines
in Figure 13a, breaks a large cluster into two clusters: cluster A

and cluster B. After 0.01 s, cluster A further breaks into cluster
A1 and cluster A2, while cluster B breaks into cluster B1 and
cluster B2 as shown in Figure 13c. From time 8.16 to 8.17 s,
cluster A1 and cluster A2 merged into cluster A3, while cluster
B1 and cluster B2 evolve into cluster B3 and cluster B4. After
0.01 s, cluster B3 breaks into cluster B5 and cluster B7. These
dynamic evolutions of clusters dramatically changed the flow

Figure 15. Particle distributions under different gas velocities simulated with different drag models using a coarse-graining ratio of 12.

Figure 16. Pressure drops calculated with different drag models (red: Wen−Yu, green: filtered DEM, blue: filtered DEM with inlet velocity). (a): Gas
velocity (Ug) equals 7.89 cm/s; coarse-graining ratio (CGR) equals 12. (b): Ug = 7.89 cm/s, CGR = 15. (c) Ug = 15.79 cm/s, CGR = 12. (d) Ug =
15.79 cm/s, CGR = 15
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resistance at different locations and led to different gas flow
patterns.
The significant difference of the mesoscale structures in the

same fluidized bed operated with different gas velocities leads to
different drag corrections as these structures are the origins of
the need for subgrid corrections. This is why the errors can be
reduced by up to 55.3% when the macroscale gas velocity is used
as an additional marker in the derivation of the filtered drag
models.
3.3. Application of the Filtered Drag. The derived drag

model was tested in the simulation of a bubbling fluidized bed
operated withGeldart A particles with a Sauter mean diameter of
0.081 mm and 2493 kg/m3. As shown in Figure 14, four sensors
are installed along the height of the bed to measure the pressure
drops at three sections with a frequency of 100 Hz. A detailed
experiment setup is available in the literature.61 This fluidized
bed operated under two different gas velocities was simulated
with two different coarse-graining ratios using three different
drag models. The simulation parameters are summarized in
Table 2.
The particle distributions under different gas velocities

simulated with different drag models using a coarse-graining
ratio of 12 are shown in Figure 15. The Wen−Yu drag model
predicted higher bed heights compared with the filtered drag
models. The filtered drag with multiscale markers predicted
slightly lower bed heights compared with the filtered drag with
only mesoscale drag markers.
The accuracy of these simulations was further quantified using

the experiment measured pressure drops as the benchmark. As
shown in Figure 16, the Wen−Yu drag significantly over-
predicted the pressure drop at DP3. The average error in these
four cases using the Wen−Yu drag is 26.44%. The filtered drag
without inlet gas velocity as an additional marker slightly
overpredicted the pressure drop at DP3, and the average error is
10.80%. The simulation using the filtered drag with inlet gas
velocity marker predicted the most accurate results with an
average error of 8.26%. The error is reduced by 23.52%.

4. CONCLUSIONS

In this research, a filtered drag model was derived using data
generated by fine-grid CFD-DEM simulations. The traditional
nonlinear regression method was compared with the machine
learning-based regression method using an Artificial Neural
Network (ANN). The ANN model from PyTorch was then
coupled with the MFiX software to conduct CFD simulations.
The accuracy of the drag model was compared with the Wen−
Yu drag model and a TFM derived filtered drag in the coarse-
grained simulations of fluidized beds. The conclusions are as
follows:

1) The filtered drag derived from CFD-DEM simulations is
more accurate than the Wen−Yu drag and the filtered
drag derived from TFM simulations.

2) The accuracy of the traditional nonlinear regression
method derived drag model is slightly better than the
ANN-based drag model. This is because the form of the
nonlinear equations used in this research can fit the data
with an R2 value of 0.98, which is close to the ANN-based
regression with an R2 value of 0.99. The distribution of the
heterogeneous index calculated from the traditional
nonlinear regression model is smoother than that
calculated from the ANN model.

3) The utilization of the gas inlet velocity as an additional
macroscale marker reduced the errors by up to 55.3% in
the tested cases. It demonstrated the importance of
macroscale parameters in the derivation of mesoscale drag
models. This multiscale approach was employed in the
EMMS drag model but rarely investigated in the
development of the filtered drag models.

The findings in this research may help the further develop-
ment of the mesoscale drag model in several directions:

1) The traditional nonlinear regression method should not
be blindly replaced with ANN as long as it can regress the
data with high accuracy. However, the appropriate
equation forms need more investigation. For ANN, the
hyperparameters such as the number of layers and the
number of nodes in each layer need further research for
different problems.

2) The influence of other macroscale parameters such as
reactor size and solid flux in the circulating fluidized beds
may also be checked in the derivation of filtered drag
models.
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