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AbstractTo deal with the critical issue of long computational time in practical application of computational fluid
dynamics (CFD), this paper presents a new approach of deep learning for voidage prediction (DeepVP) that couples
short time CFD simulations (limited CFD iterations) with the deep learning method to accelerate the 2D voidage dis-
tribution prediction for a gas-solid fluidized bed at steady state. Short time CFD simulations are first performed to
obtain a sequence of voidage distribution images containing the temporal-spatial property of a gas-solid fluidized bed of
the early period. A deep learning model is built to predict the voidage distribution at steady state, which is achieved by
implementing multi-scale convolutional neural networks based on the sequence of voidage images. The case study results
for a bubbling bed show that the voidage distribution at steady state for the bubbling bed can be predicted with compara-
ble accuracy of conventional CFD simulations at about 1/30th computational cost. Moreover, the DeepVP method
exhibits better extrapolation capability than the deep learning approach merely based on CFD condition parameters.
Keywords: Gas-solid Fluidized Bed, CFD Surrogate Model, Deep Learning, Multi-scale Convolutional Neural Net-

work, Voidage Distribution Prediction

INTRODUCTION

The gas-solid fluidized bed is widely used in many chemical in-
dustrial processes of due to its simple structure, good gas-solid con-
tact, and high efficiency of heat and mass transfer [1-3]. The voidage
distribution at steady state under different conditions is an import-
ant property of such beds. Conventional experimental techniques
for characterizing the performance of these beds are usually time-
consuming and expensive [4]. The numerical simulation method
of computational fluid dynamics (CFD) to gas-solid fluidized beds
significantly reduce the reliance on experiments in their design [5].
CFD also provides a detailed analysis of flow patterns, which is not
available in experiments. Therefore, CFD simulations have become
an essential computational method complementing experiments
[6,7]. However, a critical issue is their long computational time, which
is required in numerically solving the Navier-Stokes equations that
govern the motion of fluids [8-11].

With the successful application of the deep learning method in
computer vision [12,13] and natural language process [14,15], recent
developments in machine learning have found potential for new
alternative methods in simulation of complex fluid motion for speed-
ing up numerical simulation without compromising accuracy [16].
There is increasing interest in the development of a surrogate model
of CFD with deep learning method. Some attempts have appeared

recently to combine deep learning with CFD simulation to reduce
the computation cost and speed up the simulation process [17,18].
Some researchers take the straightforward approach of using the
CFD simulation condition parameters as input to predict the sim-
ulation results directly. Li et al. [19], Masoumi et al. [20], and Bakh-
tiari et al. [21] adopted a scheme of directly predicting the final state
of a CFD simulation with input conditions, which is referenced as
parameter prediction method (PPM) in this work. Li et al. [19] con-
structed a deep neural network to predict the peak overpressure
inside a tank from 11 parameters, including liquid temperature, liq-
uid filling percentage, tank size, etc. Masoumi et al. [20] employed
the CFD method to simulate the operating state of the solar collec-
tor under different parameter conditions. Then they built a deep
learning model to predict the collector’s outlet water temperature
from the shape and operating parameters. Bakhtiari et al. [21] took
advantage of the CFD method to simulate cycloid thrusters under
different conditions. The kinetic performance of the cycloid thrust-
ers was predicted by training a neural network based on the CFD
data. Specifically, the thrust and torque are predicted from param-
eters of blade number, pitch, propulsion coefficient, etc.

Other attempts using deep learning algorithms to accelerate CFD
simulations take the limited amount of CFD simulation results as
input to perform prediction [22,23], of which the prediction model
contains rich evolution property data of the process simulated. Bazai
et al. [22] and An et al. [23] used the so called rolling prediction
method. Bazai et al. [22] combined CFD with deep learning to pre-
dict the behavior of fluidized beds without solving transfer equa-
tions. They take the first ten frames of the CFD simulation as input
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to predict the next frame and then add the newly predicted frame
to the input to predict the next frame. By repeating this process, all
the desired frames can be generated. An et al. [23] proposed a new
method for turbulent combustion simulation based on the deep
learning method. The method takes the flow field data at time t0

as input to predict the frame at the next time step, which is then
used as the input recursively to continue predicting the next frame.
These works employ rolling prediction methods to accelerate CFD
simulation.

These earlier attempts that combine the deep learning method
with CFD simulation show the feasibility and potential of deep learn-
ing in accelerating CFD simulation. However, the model trained
by the PPM scheme [19-21] has good performance within the CFD
condition parameter range of the training dataset but has poor
extrapolation performance. The rolling prediction method [22,23]
takes advantage of information from CFD simulation; it suffers,
however, not only long prediction time but also accumulated error,
which hardly makes it applicable for accurate property prediction
at steady state.

This paper proposes a new approach for predicting the voidage
distribution of a gas-solid fluidized bed at steady state using a lim-
ited amount of CFD simulation results as the input of a deep learn-
ing-based prediction model. The framework is called deep learning
for voidage prediction with CFD for gas-solid fluidized bed (DeepVP).
Short-time CFD simulations (limited CFD iterations) are first per-
formed to obtain a sequence of voidage distribution images in a
gas-solid fluidized bed. A deep learning model is built to directly
predict the voidage distribution at steady state using the sequence
of voidage images obtained. The application of DeepVP to a bub-
ble-bed shows 30 times faster prediction of voidage distribution than
the conventional CFD simulation method.

The rest of the paper is organized as follows. In section 2, the
scheme of the DeepVP method is overviewed. The network struc-
ture of DeepVP is described in detail. The model building process
and assessment for the voidage prediction of a bubbling bed is given
as a case study of the DeepVP method in section 3. The CFD simu-
lation of bubbling gas-solid fluidized bed, dataset preparation, and
performance metrics are described first. Then, the model valida-

tion of DeepVP, acceleration performance of DeepVP, generaliza-
tion capability of the DeepVP method, and the prediction accuracy
dependency on the number of CFD simulations are presented and
discussed. The results and discussion show the effectiveness and
potential of the proposed DeepVP method. The conclusion is given
in the last section.

METHOD

The DeepVP method in this work combines the domain knowl-
edge of a gas-solid fluidized bed with deep learning through build-
ing a prediction model to speed up the acquisition of the voidage
distribution at steady state. The essence of the method is to use a set
of temporal-spatial properties representing the gas-solid motion of
a fluidized bed in early state to predict the state property at final
steady state. The temporal-spatial property set described with CFD
simulation is mapped and converted into an image sequence, while
the prediction target of the spatial property is an image. Therefore,
the spatial property prediction becomes a problem of image pre-
diction, which can be properly described with deep learning method.
A multi-scale convolutional neural network is adopted, where a
low-resolution scale is used to predict the macroscopic structure of
the image, and a high-resolution scale is to fill in the microscopic
details. The neural networks of multiple scales cooperate to obtain
good prediction accuracy. The method implementation is tested
with voidage distribution for a bubbling bed.
1. The Scheme of the DeepVP Method

As shown in Fig. 1, the DeepVP method couples CFD simulation
and deep learning. The purpose of incorporating domain knowl-
edge into the deep learning prediction model of voidage distribu-
tion is achieved by short time CFD simulation. K (K<<N) steps of
CFD simulation were performed to get the sequence of voidage
images. Since each iteration of CFD simulation is based on the phys-
ical laws of mass conservation, momentum conservation, and energy
conservation, the sequence of voidage images extracted from the K
steps simulation contains domain knowledge of the gas-solid flu-
idized bed, provided K iterations are sufficient for characterizing
the early period operation state of gas-solid fluidized bed.

Fig. 1. Scheme overview of the proposed framework of DeepVP for voidage prediction of gas-solid fluidized bed with CFD and deep learn-
ing, where the short time CFD simulation results (K iterations and K<<N) are as input and the voidage distribution at steady state are
as the output of DeepVP model. The conventional CFD simulations (blue dashed line) should have N iterations to obtain the final
steady state, which is drawn as a reference.
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Deep learning prediction is aimed at creating a prediction model
for the voidage distribution prediction at steady state quickly. The
image sequence is used as the information transmission medium
so that rich information in two dimensions of time and space are
integrated in the model-building process. The images carry spatial
information, while their sequences carry temporal information. Such
image sequences correspond implicitly to the temporal-spatial evo-
lution of the physical quantities in the CFD simulation for pressure,
concentration distribution, acceleration and velocity of gas and solid
particle. Therefore, the rich physical knowledge of the gas-solid fluid-
ized bed can be carried into the deep learning model by the image
sequence.

Now the problem of voidage prediction in the gas-solid fluidized
bed is mapped into a problem of image prediction that a deep learn-
ing scheme is applicable. In DeepVP, multi-scale convolutional neu-
ral networks are employed. Following the DeepVP, the targeted
voidage distribution at steady state obtained from N iterations of
CFD simulations is expected to be predicted efficiently with a deep
learning prediction model on the basis of much fewer K iterations
of CFD simulation (K<<N) for the same initial simulation condi-
tion parameters.
2. Structure and Implementation of Multi-scale Convolutional
Neural Network

The network structure employed in DeepVP method is a multi-

Fig. 2. Neural network structure in DeepVP for predicting the voidage image of gas-solid fluidized beds. The network contains three scales,
and the input of each scale is an image sequence resized from the original image sequence. In each scale network, the main structure
is a convolutional neural network. The final loss function is the sum of the loss functions of the three scale networks.

Table 1. Details of convolutional neural networks for building the voidage prediction model

Network attributes
Scales

S1 S2 S3
Layer number 4 5 6
Feature maps 128, 256, 128, 1 128, 256, 256, 128, 1 128, 256, 512, 256, 128, 1
Kernel size 3, 3, 3, 3 5, 3, 3, 3, 5 5, 3, 3, 3, 3, 5

scale convolutional neural network, which is implemented using a
three scale structure as show in Fig. 2. The convolutional neural
network (CNN) is a feedforward neural network with a deep struc-
ture that contains convolutional computations [24]. In contrast to
the fully connected neurons between each layer of the ordinary neu-
ral network, the convolutional neural network connects the neu-
rons between each layer through convolution calculation. Thus, the
convolutional computation of CNN is characterized with three nota-
ble features of parameter sharing, sparse connections, and equivar-
iant representation [25]. The convolutional neural network requires
fewer parameters and is more capable of processing image data.

As shown in Fig. 2, the neural network of this work is a convo-
lutional neural network with three scales. The input of the first scale
is an image sequence of one-fourth the size of the original image.
Subsequently, the image sequence goes through four convolution
layers, and the channel after each convolution layer is 128, 256, 128,

and 1, respectively. Finally, an image of  is generated. The

input of the second scale is a sequence of images which is half the
size of the original image. Then, the image sequence goes through
five convolution layers, and the channel after each convolution
layer is 128, 256, 256, 128, and 1, respectively. Finally, an image of

 is generated. The input of the third scale is the image se-
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quence of the original image size. Similarly, the image sequence goes
through six convolution layers, and the channel after each convo-
lution layer is 128, 256, 512, 256, 128, and 1, respectively. Finally,
an image of  is generated. Table 1 shows the convolution layer’s
output channel and convolution kernel size in each scale, where
S1, S2, and S3 represent three scales, respectively. The three-scale
neural network cooperates in obtaining higher prediction accu-
racy. Similar ideas have been utilized in works such as Mathieu
[26], Aigner [27], Zhang [28], and achieved good results.

To improve the accuracy and stability of the CNN model predic-
tion, the image sequence for each pixel was normalized to [1, 1].
In addition, the input to the CNN model is an image sequence
that is achieved by stacking the images of different time steps into
the channel dimension in order. The image sequence will be con-
voluted for multi-times, and the ReLU function is adopted as the
activation function for all convolutional layers, except for the last
convolutional layer where the tanh function is used to control the
output range within [1, 1]. After the image is generated, the loss
function of this scale is acquired by comparing it with the real
image.

Two loss functions are used for the CNNs training in this work:
L1 and GDL (Gradient Difference Loss) [26] loss function. The loss
function L1 is used to calculate the absolute value error between
pixels and is defined as follows:

(1)

where Vij represents the true value of row i and column j in the
voidage image, and  represents the predicted value of row i and
column j in the voidage image. n is the total number of pixels in
the voidage image.

GDL is employed to calculate the deviation between pixel gra-
dients, defined as follows.

(2)

The loss function of each scale Lscale in the neural network is the
sum of the L1 loss function and the GDL loss function of the layer.

(3)

The network structure of this work has three scales, and each
scale calculates a loss function value. The total loss function Ltotal of
the entire neural network is the sum of the three scale loss func-
tion values.

(4)

The neural network of this work was implemented by Tensor-
Flow 1.14 [29]. The neural network was trained using the gradient
descent algorithm [30]. Specifically, the Adam optimization algo-
rithm was chosen [31]. The gradient descent algorithm is the most
commonly used optimization algorithm in neural networks, and the
Adam algorithm has good performance and stability in most cases.

In neural network design, the setting of hyper-parameters is
very important. The learning rate in this work is set to 0.0001, the
batch size is 32, and the maximum iteration number is 120,000. A
batch sample is randomly selected from the training set and fed to

the neural network for training in each iteration. The NVIDIA Tesla
V100 GPU with 32 GB video memory was used for neural net-
work training to accelerate the training process. The typical time
for training is about up to two hours in total.
3. Dataset Preparation

In DeepVP, the CFD simulation results are the input for the deep
learning model. The widely used bubbling bed is adopted for im-
plementation of the DeepVP model. The shape of the bubbling bed
used in this work is a cylinder with a diameter of 0.044 m and a
height of 0.12 m. The solid particles in the cylinder are poppy seeds
[32]. The gas is blown into the cylinder from the distribution plate
at the bottom, driving the movement of the solid particles. The
GPU-enabled CFD simulation code of Zhao Peng [33] for a soft
sphere CFD-DEM method implementation was used to simulate
the process of the bubbling bed from the initial state to the steady
state. A summary of main equations and the detailed basic infor-
mation of the CFD simulations are provided as supporting infor-
mation. The method details can be found in Zhao’s work [33].

The raw dataset consists of a set of results of CFD simulations
under different initial conditions. Many factors affect the voidage
image at steady state in a bubbling bed. Generally speaking, the most
important influencing factors are fluid gas velocity, particle den-
sity, and temperature. To ensure the normal fluidization of the bub-
bling bed, the gas velocity ranges from 0.4 m/s to 0.85 m/s, the
particle density is 800 kg/m3 to 1,000 kg/m3, and the temperature
is 0 oC to 100 oC. For preparing the dataset with a wide coverage
of different operating conditions of the bubbling bed, a detailed
scheme for the conditions of the CFD simulation was made. The
gas velocity takes values at intervals of 0.05 m/s, with a total of ten
optional values: 0.4 m/s, 0.45 m/s, …, 0.85 m/s. The particle den-
sity has optional values of 800 kg/m3, 900 kg/m3, and 1,000 kg/m3.
The temperature has ten optional values: 0 oC, 10 oC, …, 90 oC. The
CFD simulations were performed for all the 300 possible combi-
nations of these conditions, constituting 300 sets of initial condi-
tions for the simulation. For each simulation, K=5,120 (t=0.64 s),
N=160,800 (t=20.10 s), the data of the targeted voidage distribu-
tion of steady-state were extracted during 5-20 s. The input data of
the training and testing sets were extracted when K=5,120. The
complete 300 simulations were divided in a ratio of 8 : 2, where the
training set contains 240 simulations, and the test set contains 60
simulations (referred to as Test-dataset 1). All the CFD simulation
conditions of the bubbling bed are summarized in Table 2.

To verify the interpolation and extrapolation generalization capa-
bility of the model, an interpolation test set (referred to as Test-
dataset 2) and an extrapolation test set (referred to as Test-dataset
3) are also constructed in addition to the 60 simulations of Test-
dataset 1. The particle density of the interpolated test set is 850 kg/
m3 and 950 kg/m3. And the particle density of the extrapolated test
set is 700 kg/m3 and 1,100 kg/m3, which is beyond the particle den-
sity range of 800-1,000 kg/m3 for the training data set. To control
the computational cost for these two test sets, the intervals of gas
velocity and temperature are doubled, so there are only five optional
values to be selected. 50 simulations were performed for both the
interpolation test set (Test-dataset 2) and the extrapolation test set
(Test-dataset 3). It takes about 2 hours of program running time to
complete a single simulation, which simulates the evolution pro-

w h

L1 
1
n
--- Vi, j   Ṽi, j

Ṽij

Lgdl  
1
n
--- Vi, j   Vi1, j   Ṽi, j   Ṽi1, j    Vi, j   Vi, j1    Ṽi, j   Ṽi, j1

Lscale   L1  Lgdl

Ltotal   Lscale1  Lscale2    Lscale3
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cess of 20 s of physical time.
After the raw data of the simulation were prepared, preprocess-

ing was performed to convert the raw data into the image sequence
for the deep learning model. Firstly, spatial preprocessing is per-
formed on the simulation results. The cylindrical bubbling bed is
sliced axially along the diameter through the axle center to obtain
a maximal two-dimensional voidage image of the cylinder. Fig. 3
shows an example of an axially sliced grid along the diameter during
the CFD simulation. The width and height of this 2D section are
18 and 28, respectively. The width and height of the section are
utilized directly as the size of the input image. Secondly, the data is
preprocessed in the time dimension. The image sequence data with
a length of 64 were extracted from 320 frames output of 5120 CFD
iterations within the total 160,800 iterations of the 20 s CFD simu-
lation, where the simulation time step is 1.25e-05 s, and the out-
put interval is 16 time steps. Besides, the targeted voidage image at

steady state was averaged from the voidage images of the 5-20 s
frames in the CFD simulation.

Data augmentation is performed finally on the preprocessed data
to best use the 320 images for the default input length of our neu-
ral network of 64. Among the 320 images, any sequence segment
with a length of 64 corresponds to the voidage image of the simu-
lation at steady state. Data augmentation is performed based on
this idea by continuously extracting 64 frames from the total 320
frames only by variation of the starting point with an interval of 2.
Thus, each simulation yields 128 samples. There are 51,200 image
data samples extracted from the total 400 simulations. The total
sample numbers of the training set and the three testing sets are
shown in Table 2.
4. Performance Metrics

Three metrics were adopted to evaluate the prediction accuracy
of the neural network built in this work: Mean absolute error (MAE),

Table 2. Condition parameters of the CFD simulations for preparing data samples of the DeepVP voidage distribution prediction model for
a bubbling bed

Dataset Gas velocity (m/s) Particle density (kg/m3) Temperaturea (oC) Total sample number

Training set 0.40, 0.45, 0.50, 0.55, 0.60,
0.65, 0.70, 0.75, 0.80, 0.85 800, 900, 1,000 0, 10, 20, 30, 40,

50, 60, 70, 80, 90 30,720

Test-dataset 1 0.40, 0.45, 0.50, 0.55, 0.60,
0.65, 0.70, 0.75, 0.80, 0.85 800, 900, 1,000 0, 10, 20, 30, 40,

50, 60, 70, 80, 90 07,680

Test-dataset 2 0.40, 0.50, 0.60, 0.70, 0.80 850, 950 0, 20, 40, 60, 80 06,400
Test-dataset 3 0.40, 0.50, 0.60, 0.70, 0.80 700, 1,100 0, 20, 40, 60, 80 06,400

Total 51,200
aThe temperature is set indirectly by changing both the gas density and gas viscosity simultaneously.

Fig. 3. An example of an axially sliced grid at 237 steps along the diameter during the CFD simulation for a bubbling bed, at Ug=0.80 m/s,
s=800 kg/m3, T=50 oC.
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peak signal to noise ratio (PSNR) [34], and sharpness difference
(Sharpdiff) [26].

MAE is defined as follows:

(5)

where Vij represents the true value of row i and column j in the
voidage image,  represents the predicted value of row i and col-
umn j in the voidage image. n is the total number of pixels in the
voidage image. MAE measures the absolute value error between
the real and generated images’ corresponding pixels. The smaller the
MAE value, the higher the model’s prediction accuracy.

PSNR is defined as follows:

(6)

where the definitions of Vi, j,  and n are the same as above.
MAXV

2 represents the square of the maximum possible value of
voidage, which is 1.0 in our work. The unit of PSNR is dB. The
larger the PSNR value, the higher the model’s prediction accuracy.

Sharpdiff is defined as follows:

(7)

(8)

(9)

(10)

MAE  
1
n
--- Vi, j   Ṽi, j

Ṽij

PSNR 10log10
MAXV

2

1
n
--- Vi, j   Ṽi, j 

-----------------------------------

Ṽi, j

Sharpdiff 10log10
MAXV

2

1
n
---  

i iV   jV    iṼ   jṼ j 

--------------------------------------------------------------------------------------

iV   Vi, j   Vi1, j

jV   Vi, j  Vi, j1

iṼ   Ṽi, j   Ṽi1, j

Table 3. Performance of testing dataset and training time of DeepVP for varied CNN network scale
Scale Layersa MAE (%) PSNR SharpDiff Training time (min)

1 4 1.07 34.1 20.1 23
2 4, 5 0.97 34.9 20.7 30

3 (this work) 4, 5, 6 0.90 35.8 21.1 55
4 4, 5, 6, 6 0.90 35.7 21.0 67

aFor the structure of each layer, please refer to Table 1.

Table 4. Performance of testing dataset and training time of DeepVP for varied CNN network scale, layer number and nodes of each layer
Layer increment MAE (%) PSNR SharpDiff Training time (min)

2 1.025 34.2 20.10 26
1 0.935 35.3 20.70 33

0 (this work) 0.900 35.8 20.95 55
1 0.915 35.6 20.90 71

Table 5. Performance of testing dataset and training time of DeepVP for varied CNN network scale, layer number and nodes of each layer
Nodes number MAE (%) PSNR SharpDiff Training time (min)

/2 0.935 35.4 20.70 030
*1 (this work) 0.900 35.8 20.95 055

*2 0.895 35.7 20.95 100

(11)

where the definitions of MAXV
2 and n are the same as above.

Sharpdiff is used to measure the gradient error between real and
generated images. The larger the Sharpdiff value, the higher the
model’s prediction accuracy.

RESULTS AND DISCUSSION

1. Model Validation of the DeepVP Method
The DeepVP method was validated using CFD simulation of a

bubbling bed under three different conditions of Ug=0.45 m/s, s=
1,000kg/m3, T=20 oC; Ug=0.60m/s, s=900kg/m3, T=80 oC; Ug=0.80
m/s, s=800 kg/m3, T=50 oC. To validate the DeepVP model, the
voidage images predicted by the DeepVP method and the CFD sim-
ulation results were compared.

To test the CNN parameter choice, a set of new models were
built by adding or reducing network scales, layers and nodes. The
testing dataset and training time of new models with varied scale,
number of layers and number of nodes of each layer were tested
and the results are listed in Tables 3-5, using the parameters of this
work as baseline highlighted in bold. As shown in Tables 3-5, the
choice of this work is good, that is, a tradeoff of performance of test-
ing dataset and training time.

To validate the prediction model further, the DeepVP model
was compared with the PPM method using Test-dataset 1. As men-
tioned in section 1, PPM is a method of directly predicting the final
state of a CFD simulation with input condition parameters. For
the purpose of validating the DeepVP method, the PPM method
was adopted as a reference method. The PPM method for the
voidage prediction of the bubbling bed was implemented in this

jṼ  Ṽi, j  Ṽi, j1
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work using PyTorch [35]. The input parameters to the PPM method
are gas velocity, particle density, and temperature. The generative
adversarial network (GAN) [36] was used in the implemented PPM
method of this work, where the generator and discriminator are all
convolutional neural networks. The network structures of the gen-
erator and discriminator for PPM are listed in Table 6.

As shown in Fig. 4, the DeepVP method can obtain a voidage
image quite close to that of CFD simulation. The absolute voidage
deviations between the DeepVP prediction and the CFD simula-
tion results are acceptable. The three performance metrics, both

Table 6. Network structure for PPM
Network attributes Generator Discriminator
Layer number 6 5
Feature maps 128, 256, 512, 256, 128, 1 128, 256, 512, 1

Fig. 4. Predicted voidage images of the DeepVP method within Test-
dataset 1 under three different conditions for the bubbling
bed and comparison against the CFD simulation results.

Table 7. Comparison of performance metrics of DeepVP and PPM
for Test-dataset 1

Method MAE (%) PSNR (dB) Sharpdiff
DeepVP 0.9 35.8 21.1
PPM 1.1 34.2 20.2

Fig. 5. Acceleration performance of the DeepVP methods against
CFD in view of prediction.

Table 8. Time cost for voidage prediction between OpenFOAM and DeepVP

OpenFOAM
for a single run

DeepVP
Building dataset (once) Training (once) Prediction

1.75 h 525 h 55 min 202 s for a simulation as
input +1 s prediction

for the DeepVP model and the referenced PPM predicted, are listed
in Table. The averaged values of the three performance metrics
shown in Table 7 indicate that the DeepVP method is better than
that of the PPM method, demonstrating that the DeepVP method
performs better than the PPM method.
2. Acceleration Performance of the DeepVP Method

The DeepVP method aims at speeding up the process of obtain-
ing a voidage image in the bubbling bed at steady state. Fig. 5 com-
pares the typical computational time (wall time) for voidage pre-
diction required by CFD simulation and the time required by the
DeepVP method. The total computational cost for building the
DeepVP model is listed in Table 8.

In view of a voidage prediction, the voidage image at steady
state can be obtained until 160,800 steps of iteration are finished in
the CFD simulation. The CFD simulation needs a total of 1.75 h
or 6,300 s. The DeepVP method is much faster when used for a
prediction than the CFD simulation. It only takes 203 s, which is
30 times faster. The input simulation data to the deep learning
model was prepared with only 5120 CFD iterations that take about
202 s when running the GPU based code of CFD-DEM on two
K80 GPUs. It takes only 1 s for the deep learning model to predict
the voidage image, of course at a computational cost of 525 hours
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for building the DeepVP model. The DeepVP method achieves a
much high acceleration performance in predicting the voidage image
of the bubbling bed over CFD simulation.
3. Generalization Capability of the DeepVP

To evaluate the generalization capability of the DeepVP method,

the three different test sets of Test-dataset 1, Test-dataset 2, and
Test-dataset 3 were used. Accordingly, the total number of sam-
ples in the three training data sets are 7,680, 6,400, and 6,400, respec-
tively. The three test sets have different characteristics. The condition
parameters of gas velocity, particle density and temperature in Test-
dataset 1 all appear in the training set (30,720 samples in total) but
in different combinations (see Table 2). However, the value of par-
ticle density in Test-dataset 2 for the interpolation test is not pres-
ent in the training set but within the range of particle density in
the training set. While the value of particle density in Test-dataset
3 for the extrapolation test is not present in the training set, which
is outside the range of the training set.

Fig. 6 compares the prediction performance metrics of the DeepVP
method and the PPM method on the three test sets, in which Test-
dataset 1 is for the conventional test, Test-dataset 2 for the interpo-
lation test, and Test-dataset 3 for the extrapolation test. As shown
in Fig. 6(a), the MAE of the DeepVP method is less than the PPM
method for all three testing datasets. Specifically, the DeepVP method
surpasses the PPM method significantly for the extrapolation test
set of Test-dataset 3. As shown in Fig. 6(b) and (c), both the PSNR
and Sharpdiff metrics indicate the better generalization capability
of the DeepVP method over the PPM method too. The validation
results exhibit the superiority of the DeepVP method in voidage
prediction capability for the bubbling bed at varied operation con-
ditions.

The superiority of the DeepVP method over the PPM method
in voidage prediction capability for the bubbling bed is rooted in
the differences of the input data for the prediction model. First, the
input to the PPM method is a vector of simulated conditions, while
the input to the deep learning model of DeepVP is a sequence of
images on basis of short-time CFD simulation, which carries not
only the simulated conditions, but also the temporal-spatial prop-
erty of the bubbling bed in operation described by the Navier-Stokes
equations. The input simulation condition vector of the PPM method
is composed of gas velocity, particle density and temperature only.
While the image sequence input of the deep learning model in the
DeepVP method derived from CFD simulations not only contains
the information of the same simulation condition as the PPM method,
but more importantly, the DeepVP method extracts the rich implicit
features of the bubbling bed by the convolutional neural network,
which is the key to the higher prediction accuracy and better extrap-
olation capability than the PPM method.
4. Prediction Accuracy Dependency on the Number of CFD
Simulations

The applicability of the DeepVP method depends on the model
building cost that is largely relying on the number of CFD simula-
tions required in preparing the training and testing dataset. To inves-
tigate the effects of the number of CFD simulations on the DeepVP
prediction accuracy, the derived training set and test datasets are
created for a total of 400 simulations. 50 simulations are randomly
selected from these 400 simulations as the derived testing dataset.
From the remaining 350 simulations, 30, 40, 60, 80, 120, 180, 240,
300, and 350 simulations are selected to form the derived training
set. After data preprocessing, the number of samples in the derived
test set is 6400, and the number of samples in the derived training
set is 3,840, 5,120, 7,680, 10,240, 15,360, 23,040, 38,400, and 44,800,

Fig. 6. Comparison of performance metrics between the DeepVP
method and the PPM method on the three test sets of Test-
dataset 1 for the conventional test, Test-dataset 2 for the inter-
polation test and Test-dataset 3 for the extrapolation test. (a)
MAE, (b) PSNR, (c) Sharpdiff.
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respectively. The deep learning models are rebuilt on these derived
training sets and then tested in the derived testing set. The aver-
aged performance metrics of the model are shown in Fig. 7. When
the number of simulations is small, increasing the number of sim-
ulations has a greater impact on the prediction performance. How-
ever, when the number of simulations for the training set reaches
more than 240 (this work), the increase in the number of simula-
tions has less impact on the performance metrics. Of course, fur-
ther increasing the simulation number to 300 slightly improves the
prediction accuracy. Considering the practical computational cost,
the CFD simulation number of 240 is an acceptable trade-off.

CONCLUSION

This paper proposes a method that combines domain knowl-
edge of CFD simulations for gas-solid fluidized beds with deep
learning to predict the voidage image at steady state, called the
DeepVP method. Short-term CFD simulations are performed to
incorporate domain knowledge into the image sequence. The deep
learning model with strong fitting ability was built for a gas-solid
fluidized bed. The voidage image at steady state for the bubbling
bed can be predicted very efficiently from the image sequence
derived from short time CFD simulation. For a bubbling bed, the
voidage prediction was accelerated 30 times faster than the CFD
simulation alone, while keeping the prediction accuracy within an
acceptable range. More importantly, the DeepVP method has bet-
ter generalization capability than the conventional PPM method.

The application of the DeepVP method to the bubbling bed
demonstrates the feasibility and advantages of the DeepVP method
for gas-solid fluidized bed over conventional CFD simulation for
voidage prediction. From the point of view of CFD simulation, the
steady state property distributions of concentration, velocity, and
pressure can be predicted as that of voidage. Furthermore, the sig-
nificantly improved DeepVP voidage prediction speed makes it
more practical as a powerful tool in the design and optimization
of gas-solid fluidized beds.
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S1. Parameters for CFD-DEM simulations [1]

S2. Summary of main equations of CFD-DEM method [1]
Equation of motion for every particle:

Gas phase mass conservation equation:

Gas phase momentum conservation equation:

Gas-solid drag force density:

and

Gas phase density g from the ideal gas law:

Gas phase stress-strain tensor:
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Parameter Value
Gas phase

Initial pressure, P (Pa) 105

Temperature, T (oC) 0-100
Inlet superficial velocity, u (m/s) 0.4-0.85
Minimum fluidization velocity, umf (m/s) 0.3
Inlet voidage,  0.4
CFD time step, dt (s) 1.25×104

Particles
Particle dynamics time step (s) 1.25×105

Diameter of particles, dp (m) 1.2×103

Density of particles, p (kg/m3) 800, 900, 1,000
Height of settled bed (m) 0.03
Number of particle, Np 30,325
Normal spring stiffness, kn (N/m) 3,000
Tangential spring stiffness, kt (N/m) 428
Friction coefficient, f 0.1
Restitution coefficient, en, et 0.95

Geometry
High of bed, Hbed (m) 0.12
Diameter of bed, dbed (m) 0.044
Cartesian grid length (m) 0.004
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