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Industries urge an online in-time prediction for the simulation of chemical engineering processes. The circulating
fluidized bed (CFB), as a complex multiphase reactive flow device, cannot be predicted in real-time using existing
experimental and computational fluid dynamics (CFD) methods. In this work, a novel reduced order model
(ROM) coupled with enhanced compressed sensing (ECS) and temporal convolutional neural networks (TCN) is
developed to fulfill the goal, which relies on data from limited measurements to achieve real-time early warning
function. Specifically, the key variables of dense gas—solid flow are decomposed into orthogonal modes of
different orders and their corresponding mode coefficients. Based on this, a mapping relationship is established
between the current measurement data and the mode coefficients at future time steps. The predictive error of the
ECS-TCN-ROM developed in this study remains below 20% for most of the time across different variables, with
the online prediction efficiency of a single variable being 25,000 times that of traditional CFD. This ECS-TCN-

ROM lays the foundation for the digital twin of CFB.

1. Introduction

In recent years, significant efforts have been made to develop an
energy supply system dominated by clean and low-carbon sources to
achieve carbon peak and neutrality goals. This includes promoting the
clean and efficient use of coal, reducing environmental pollution, and
diversifying the energy mix. One of the key technologies for achieving
these objectives is the efficient and low-carbon utilization of fluidized
bed systems. However, the complex multiphase reactive flows within
fluidized beds involve numerous interactions—between particles and
fluids, particles and particles, and particles and walls—along with
coupled phenomena such as heat transfer, mass transfer, and chemical
reactions (Wang et al., 2020; Zhong et al., 2016; Wang et al., 2018).
These complexities pose significant challenges for experimental mea-
surements and system optimization. Computational fluid dynamics
(CFD)-based methods often require complex iteration to capture the
particle transient behaviors and collisions of particles, which is
computationally expensive and cannot meet the needs of real-time
simulation in some industrial applications. Therefore, existing experi-
mental measurements and CFD methods exhibit limitations in accu-
rately and efficiently sensing the state within fluidized beds, failing to

meet the stringent demands of modern power systems for efficient and
rapid response in coal-fired power plants. The advancement of tech-
nologies such as artificial intelligence and big data has made real-time
simulation and prediction of multiphase flow dynamics in fluidized
beds possible by linking physical systems with their digital counterparts.
By creating a digital twin (DT) of the reactor, real-time data from the
physical space can be fed into a virtual model for efficient prediction,
providing actionable insights for industrial applications. The construc-
tion of the DT system imposes higher demands on prediction speed and
the integration of physical and digital space.

As for the prediction speed, reduced order model (ROM) was pro-
posed to address this challenge. (Yang et al., 2024; Chen et al., 2025;
Hajisharifi et al., 2023). Proper orthogonal decomposition (POD) is one
of the representatives of ROM. POD decomposes the full order model
(FOM) field dataset obtained in the first phase of the ROM framework
into a series of main spatial modes and their corresponding mode co-
efficients. The spatial modes are fixed and do not change with variations
in the timestep. By selecting an appropriate number of spatial modes
based on the flow field characteristics (the energy associated with each
mode), the flow field can be reconstructed within an acceptable error
margin. Based on whether the mode coefficients are calculated under the
CFD control equation framework, POD-based ROM can be divided into
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Nomenclature DMD dynamic mode decomposition
DNN deep neural network

Ay particle surface area, m? DT digital twin
B measurement point position matrix ECS enhanced compressed sensing
Cy particle specific heat capacity, J/(kg-K) FOM full order model
D dilation vector KLT Karhunen-Loeve transform
Dy turbulent mass diffusion coefficient LSTM long short-term memory network
D, drag force coefficient MP-PIC multi-phase particle-in-cell
E energy proportion PCA principal component analysis
f particle distribution function PDF particle distribution function
fo particle distribution function at local equilibrium POD proper orthogonal decomposition
fe particle distribution function in this state RBF radial basis function
fsg Savitzky-Golay function ROM reduced-order model
frew temporal convolutional neural network function S-G Savitzky-Golay
g gravitational acceleration, m/s? SVD singular value decomposition
hy enthalpy of gas, J/kg SVR support vector regression
K kernel size TCN temporal convolutional neural network
m, particle mass, kg
Nug,, Nusselt number G;;f!( syml?ols ffici ¢ predicti
p column permutation matrix aowpw input coe c.1e.nt vector of pre 1c.t1o.n
p pressure, Pa a output coe?ff.1c1ent vector of prediction
Q unitary matrix ax(t) POQ coefficient . )

. 3 ap particle acceleration, m/s
Q energy source term, J/(s-m”) . R
% heat source term, J /(sm?) (?mi,chem chemlca'l source term, kg
r, particle radius, m omy, change in gas mass, kg
R upper triangular matrix K;‘ff effective gas thermal conductivity, W/(m-K)
Rfield receptive field & gas volumn fraction
S inter-phase momentum exchange term, kg/(m?s?) & particle volumn fraction
Sh inter-phase energy exchange term, J/(s-m%) £p maximum packing density
T, gas temperature, K Pq gas density, kg/m?
T, particle temperature, K c Stefan-Boltzmann constant
Ty wall temperature, K Tg effective stress tensor, Pa
Ug gas velocity, m/s D particle collision relaxation time
u, particle velocity, m/s TG particle collision relaxation time in this state
U left singular vector p particle collision stress, Pa
\%4 right singular vector Hg fluid viscosity, kg/(m-s)
w spatial-temporal matrix I the eigenvalue
Wo(x)  time mean value of the target variable ) matrix of singular values
Yei mass fraction of species 0 transformation matrix
X FOM data 14 mode matrix
Y measurement data @ viscous dissipation, J/(s-m>)
A [ POD mode

cronyms . .
AE autoencoder 4 judgment matrix
ANN artificial neural networks Subscripts
CFB circulating fluidized bed g gas phase
CFD computational fluid dynamics k order of modes
CNN convolutional neural network p particle phase
CS compressed sensing w wall
DEIM discrete empirical interpolation method

two categories: intrusive ROM and non-intrusive ROM. Compared with
intrusive ROM, non-intrusive ROM directly utilizes surrogate models
such as artificial neural networks (ANN) and other methods to predict
coefficients (Li et al., 2022). This method is simple to implement and has
strong stability (Li et al., 2024). Due to the high code complexity and the
numerical issues of the intrusive ROM, this study focuses on non-
intrusive ROM. The ROM has been successfully utilized in various
fields, including fire prediction (Cheng et al., 2022), combustion
(Aversano et al., 2021), and proton exchange membrane batteries
(Ansari, 2023). This approach replaces the high-dimensional system
with a low-dimensional representation through projection and machine
learning, significantly reducing both the complexity of the original

system and the associated computational costs. For example, Lumley
et al. (Berkooz et al., 1993) first introduced it to identify the coherent
structures of turbulent flows. Li et al. (Li et al., 2022; Li et al., 2024)
coupled POD with radial basis function (RBF) and long short-term
memory neural networks (LSTM) to predict the transient bed charac-
teristics in both spouted and bubbling fluidized beds, validating the
effectiveness of the POD-based ROM. Hajisharifi et al. (Hajisharifi et al.,
2023; Hajisharifi et al., 2024) combined POD with LSTM to construct a
ROM, extending the reduced-order approach to Lagrangian fields. Fang
et al. (Fang et al., 2024) coupled the POD method with bidirectional
LSTM and developed a ROM to capture the complex spatiotemporal
modes of the fluidized bed, achieving higher accuracy compared to
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traditional LSTM and ANN. Li et al. (Li et al., 2024; Li et al., 2024)
employed POD and temporal convolutional networks (TCN) to construct
ROM:s for the Eulerian and Lagrangian variables during the flow and
heat transfer processes in bubbling fluidized beds, further verifying the
accuracy and efficiency of the ROM. Xu et al. (Xu et al., 2024) utilized
POD and support vector regression (SVR) to build a ROM for a corner-
cut circular coal-fired boiler. Then, they combined a control algorithm
with a particle swarm optimization technique to optimize coal and air
distribution, reducing the corrosion rate of the water wall from 36.34 %
to 10.04 %. Additionally, spectral POD and multi-scale POD have been
applied to fluidized beds to further enhance ROM accuracy (Zarepour
etal., 2024; Chen et al., 2025). Although substantial work has been done
for the ROM, previous research has primarily focused on pure simulation
processes, without integrating them with real fluidized beds. Further-
more, with regard to the inputs for ROM, most studies on transient flow
field prediction have not considered the insufficient availability of rich
information in actual fluidized beds. Compressed sensing (CS) offers a
promising solution to address these challenges. In the CS framework,
several greedy algorithms have been proposed to determine the mea-
surement point locations, such as the QR decomposition with column
pivoting (QR-pivoting) (Businger and Golub, 1965) and the discrete
empirical interpolation method (DEIM) (Barrault et al., 2004; Sargsyan
et al., 2015). The full-state flow field in digital space can be recon-
structed and predicted from sparse measurements in physical space by
combining the CS and the ROM. For example, Bright et al. (Bright et al.,
2013) reconstructed the pressure field and Reynolds number around the
cylinder through pressure sensor measurements on the cylinder by CS-
ROM. Gomes et al. (Gomes et al., 2024) combined optimal sensor
placement with convolutional neural networks, achieving 95.5 % ac-
curacy in flow field reconstruction using 1,000 sensors in a lid-driven
cavity flow. Zhao et al. (Zhao et al., 2021) used the CS-ROM to recon-
struct lift and moment in a typical subsonic turbulent flow experiment
using 4 to 8 measurement points. Rao (Rao pp. , 2024) applied CS-ROM
in single-phase heat transfer processes to back-estimate flow states.
Based on a limited number of pressure measurements, they accurately
identified the Mach number, Reynolds number, and angle of attack
around an airfoil. Yang et al. (Yang and Ma, 2024) further analyzed the
impact of sparse bases derived from discrete Fourier transform, discrete
cosine transform, and POD on reconstruction performance. The results
demonstrated that the POD-based method outperforms the other two
methods in terms of accuracy. Jayaraman et al. (Jayaraman and Mamun,
2020) applied the DEIM and QR-pivoting methods to construct com-
pressed sensing for flow fields and found that the DEIM outperforms the
QR-pivoting method in terms of accuracy. Additionally, non-orthogonal
modes tend to suffer from ineffective sensor placement and high algo-
rithmic complexity. For multiphase flow, Jiang et al. (Jiang et al., 2022)
applied the CS-ROM to the steam turbine and realized the transient
temperature field reconstruction. Procacci et al. (Procacci et al., 2022)
combined POD and the QR-pivoting to construct a DT of a parametric
steady combustion process. The study identified the optimal sensor
placement that minimizes prediction error and successfully predicted
the distribution of reacting scalars using a limited number of measure-
ments. Building on this, Procacci et al. (Procacci et al., 2024) recon-
structed the three-dimensional chemical field of flames from
chemiluminescence signals. Compared to traditional methods requiring
multiple views, the approach only requires a single view to reconstruct
the chemiluminescence field. Menges et al. (Menges et al., 2024) pro-
posed an algorithmic framework for real-time state monitoring and
prediction using multivariate ship engine thermal imaging data. Real-
time prediction of engine temperature fields can be realized by
combining POD, optimal sampling locations, and dynamic mode
decomposition (DMD). Some studies combined non-POD ROMs and the
CS have been reported. Nair et al. (Nair and Goza, 2020) proposed a
neural network framework to learn the nonlinear relationship between
the sensor measurements and the reduced space state. The framework
can be incorporated with the linear subspace (such as POD-ROM) and
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the nonlinear manifold. Luo et al. (Luo et al., 2023) combined CS and
autoencoder (AE) to reconstruct the flow field using sensor data. This
method yielded excellent results in simulating the flow around both a
circular and a square cylinder. In the study of Zhang et al. (Zhang et al.,
2022), LSTM was used for modeling the sensor measurement evolution.
The flow field was subsequently reconstructed using sensor measure-
ments based on DMD and DNN. Loiseau et al. (Loiseau et al., 2018)
proposed a general dynamic ROM framework based on the sparse
identification of nonlinear dynamics and applied it to the transient and
post-transient laminar cylinder wake. Most of the above studies focus on
single-phase flow and simple chemical reactions, with further extension
needed in large reactors with multiphase and multi-field coupling.
Although the current CS method strives to capture the most detailed
flow field information using the least sensor data, the accuracy of this
method still needs to be improved. In addition, the current mainstream
methods for CS mainly focus on the reconstruction of the flow field at the
current time. There are few reports on predicting the flow field in the
future. In industrial applications, it is necessary not only to utilize sparse
data to obtain the flow field at the current momentbut also to predict the
future flow field as much as possible, to facilitate early warning and
timely control of dangerous conditions that may occur in the production
process.

To advance the above concept, this work develops a novel enhanced
CS-TCN-ROM (ECS-TCN-ROM) for multiphase reactive flows, aiming to
overcome the computational limitations of traditional CFD methods,
enabling the realization of a rapid prediction platform that integrates
real-time data from the physical space in multiphase reactive flow
processes. The model is applied to fast predict hydrodynamics and
thermochemical characteristics of an industrial-scale circulating fluid-
ized bed (CFB) boiler. The remainder of this article is listed as follows.
Section 2 describes the research methods, including FOM and ECS-TCN-
ROM. Section 3 outlines the numerical settings for the industrial-scale
CFB boiler. Section 4 presents the results and discussion of the ECS-
TCN-ROM, including POD analysis, ECS, coefficient prediction, and
flow field reconstruction. The concluding remarks are presented in the
final section.

2. Methodology

Section 2.1 presents the FOM computational method. Section 2.2
introduces the ECS-TCN-ROM model, including mode decomposition,
enhanced compressed sensing, time coefficient prediction, and flow field
reconstruction.

2.1. Full order model

In this study, the FOM simulations are calculated using the multi-
phase particle-in-cell (MP-PIC) method. The MP-PIC method employs
the concept of parcels, which groups the original particles into a nu-
merical parcel, and simplifies particle-particle collisions by introducing
a solid stress model. This approach enables the analysis of dense
gas—solid systems at large scales with a reasonable number of compu-
tational particles, making the MP-PIC method highly promising for
simulating both pilot-scale and industrial-scale CFB. Therefore, in this
study, the MP-PIC method is adopted as a reliable dataset for the ROM.
The fluid phase is solved by Navier-Stokes equations, while a particle
distribution function (PDF) is introduced for the particle phase. The
governing equations for the MP-PIC method have been well documented
in previous publications (Wang et al., 2018). The focus of this study is on
the ROM, while the FOM is responsible for providing data to the ROM.
Therefore, the governing equations of the FOM are outlined in Table 1.

The chemical reactions in the FOM are based on the public literature
(Xie et al., 2017), with a set of 28 homogeneous and heterogeneous
reactions selected to represent the chemical reactions in the CFB boiler.
The volatile combustion, coke combustion, and pollutant formation are
incorporated into the chemistry model. Similar to the governing
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Table 1
Governing equations for the FOM.

Gas phase

Mass conservation equation:
5(€g/1g)
ot
Momentum conservation equation:
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ot
Energy conservation equation:
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Particle density function (PDF):
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equations, the chemical reactions are not elaborated upon. The chemical
reaction equations are listed in Table S1 of Supporting Information, and
the chemical reaction rates and mechanisms can be referred to the
previous publications (Xie et al., 2017; Ku et al., 2015).

Offline preparation
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2.2. Reduced order model

In this study, the decomposition process utilizes the proper orthog-
onal decomposition (POD) method, which is also referred to as principal
component analysis (PCA) or the discrete Karhunen-Loeve transform
(KLT) (Li et al., 2024). As shown in Fig. 1, based on the CFD snapshot
data, POD decomposes the flow field into dominant spatial modes and
their corresponding temporal coefficients. The modes are sorted from
high to low according to the energy and the eigenvalue corresponding to
the modes. ECS is used to construct the mapping between the physical
space and the digital space. The time coefficients rely on the TCN for
online real-time prediction. Finally, a fast prediction ECS-TCN-ROM
model based on real physical measurement data is developed, which
can be applied to multiphase reactive flow industry research. The offline
preparation relies on the FOM, which incorporates physical constraints.
Intuitively, the online prediction phase does not directly account for
these physical constraints, as data and mathematical calculations pri-
marily drive it. However, the modes and corresponding coefficients
derived from proper orthogonal decomposition (POD) in the offline
stage inherently respect these physical constraints.

2.2.1. Proper orthogonal decomposition

Singular value decomposition (SVD) is implemented in POD for
mode decomposition. The spatial-temporal snapshot matrix of a FOM
can be regarded as (M x N), where M represents the spatial dimension, i.
e., the number of grids. N represents the temporal dimension, i.e., the
number of time snapshots. Performing SVD decomposition on the FOM
matrix yields:

w = Uzv? 13)

where U is the spatial mode and V is the time mode. X is the matrix’s
singular value, representing the energy contained in each mode. XV’
represents the temporal coefficient of the mode.

The energy proportion E of the first Npgp-order reduced modes is

given by:
Npop
A
E(Npop) = % a4
k=1

where /i is the value of each element in X.
Therefore, the truncation error of this method is optional. The more

Online prediction

Sensor data

Coefficient

reconstruction (ECS) Denoise

Fig. 1. Structure of the ECS-TCN-ROM model.
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the number of POD modes selected, the more accurate the flow field
composed of modes. The FOM field can be approximated as:

Npop

W(x,t) = Wo(x) + > ai(t)-e(x) 15)
k=1

where Wy(x) is the time mean value of the target variable. ax(t) is a
coefficient that varies with time in transient simulations. @ (x) is the
orthogonal mode.

2.2.2. Enhanced compressed sensing

As shown in Fig. 1, ECS can be performed based on the obtained POD
modes, which are used for both measurement point position determi-
nation and the compressed reconstruction of mode coefficients. Before
determining the measurement point positions, it is necessary to clarify
the compressed reconstruction method of the mode coefficients. The
dominant spatial modes from POD are used to establish a mapping
relationship between the measurements and mode coefficients, which
can be mathematically expressed as:

Y = BX = Bda = Ou (16)

where the measurement data Y € RP. p represents the number of mea-
surement points. B represents the measurement point position (made
entirely of 0 and 1). X stands for the FOM data. O is the transformation
matrix and «a is the mode coefficient matrix. When the number of mea-
surement points equals the selected mode rank, Eq. (16) becomes a well-
posed equation, and the mode coefficients can be directly solved from
this equation. When the number of measurement points exceeds the
selected mode rank, the mode coefficients corresponding to the number
of measurement points can be reconstructed. Since the mode coefficients
reconstructed by compressed sensing exceed the required number of
modes, only a subset of these coefficients needs to be selected to
construct the ROM. When the number of measurement points is less than
the selected mode rank, Eq. (16) becomes an underdetermined system,
leading to non-unique solutions. The minimum L2 norm solution for «
needs to be determined. In summary, the equations for solving the mode
coefficients are as follows, depending on whether the number of mea-
surement points is not less than or less than the selected mode rank:

a=071Y (17.1)

1

a=0"(e0") 'Y (17.2)

Based on the aforementioned compressed reconstruction method,
the DEIM method is used to determine measurement point positions in
this study. First, the position of the first measurement point, p;, is
identified. The position of the first measurement point is chosen as the
position corresponding to the maximum absolute value of the first-order
mode, i.e., it satisfies:

Next, the position of the second and subsequent measurement sensors,
Dj, is determined. Given that j-1 measurement points have already been
acquired, the projection matrix p; ; is defined as p; ; = lI’(BT‘}’)ABT.
The position of the j-th measurement point, p;, can be obtained from the
judgment matrix y; as follows:

7 (ps) = max{z;™} 19)
1= —p @ = & — ¥(B"Y) BT, (20)

where B is the measurement point position matrix(entirely composed of
0 and 1). ¥ is the mode matrix and ¥ = [®y, @, -+, Dj_1].

Another method for determining measurement point placement is
the QR-pivoting. The number of measurement points is no longer con-
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strained by the rank of the POD modes. In this method, to optimize the
compressed reconstruction effect in Eq. (17.2), it is necessary to maxi-
mize the determinant of ©®” by selecting the measurement point posi-
tion so that it is easier to invert, which is mathematically equivalent to
maximizing the determinant of ©. The determinant of © satisfies:

det(©) = det(®") = det(d"B") (21)
Therefore, the mode matrix ® is subjected to QR-pivoting to obtain:

o'P = QR (22)

where the mode matrix @7 satisfies ®7 € RVN*™, the column permutation
matrix P satisfies P € RM*M, the unitary matrix Q satisfies Q € RV, and
the upper triangular matrix R satisfies R € RNM, The column permu-
tation matrix permutes the column vectors of the matrix ® so that the
diagonal of the upper triangular matrix R is in decreasing order, further
maximizing the absolute value of the determinant of ®” and optimizing
the result of matrix inversion. Let the measurement point position ma-
trix B be the first several rows of the permutation matrix PT (the number
of rows depends on the number of measurement points), and the optimal
positions of the measurement points can be obtained.

However, the mode coefficients obtained by sparse measurements
often have high-frequency noise fluctuations at the temporal level,
which greatly reduce the accuracy of the flow field reconstructed by the
ROM. Savitzky-Golay (S-G) filter (Savitzky and Golay, 1964) is com-
bined to realize enhanced compressed sensing (ECS), further improving
the reconstruction accuracy of the enhanced compressed
sensing-reduced order model (ECS-ROM). In ECS, the mode coefficients
are filtered:

a = fy(ao) (23)

2.2.3. Time coefficient prediction

In this study, the time prediction method is based on the previous
literature (Li et al., 2024). TCN is a kind of convolutional neural net-
works (CNN) and is different from traditional image classification tasks.
It has been demonstrated to exhibit excellent performance in time series
prediction (Bai et al., 2018). Compared with long short-term memory
neural networks (LSTM), TCN has better parallel computing capabilities
and local perception capabilities, which can accelerate training and
reasoning speed. A residual connection (Bai et al., 2018) is applied to the
TCN, which helps prevent the network from converging to a local op-
timum. The structure of the TCN is shown in Fig. 2. The receptive field
can be calculated using the following formula:

Rpaa =2 % (K—1) x » D, +1 24)
2z

where 2 represents that there are two convolution layers in a single
residual block. K is the kernel size and D is a vector containing the di-
lations. In this study, K = 2 and D = [1,2,4,8].

As for the realization and the parameters of TCN, the mode co-
efficients from 2 s to 10 s are selected as the training set and the mode
coefficients from 10 s to 20 s are chosen as the test set. The learning rate
of the TCN is 0.001 and the dropout value is 0.2. After normalizing the
mode coefficients of different orders, the differences between mode
orders can be disregarded, facilitating the training of a unified mode
coefficient prediction neural network without the need to train separate
networks for each mode order. Building on the TCN mentioned above,
this approach allows the mode order differences to be ignored during
inference, significantly enhancing inference speed. Based on the trained
TCN, the mode time coefficient a®?"* of the flow field variable is pre-
dicted as follows:

aoutput —_ fTCN ( ainput) (2 5)
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Input for next residual block Output tensor

1
Causal convolutional layer I \ Residual block —(+) \ T
AT4n-7 ATin-1 AT+n “ 5 . \‘
Output | ropou \ ]
/ / / / / / / / Layer \ R \ Residuallblock
\‘ elLU \\ T
Hidd Weight norm \
idden \
[ / / / / / / / / Layer Basic layer “‘
\ I 1x1 Conv \ 1
Hidden % (CRtionaD) |
[[[[[[]] Layer \ Dropout \ | Residual block
\ ReLU \ i
| Weigh
/ / / / / / / / I;_‘E;:r ) LT Residual block
a Tog e Basic layer .
! e — 1 |- 1
T

Input tensor

T
Output from previous residual block Input tensor

Fig. 2. Temporal convolution neural network structure.

2.2.4. Online flow field reconstruction

Based on the aforementioned POD, ECS, and TCN, a mapping rela-
tionship is established between the sparse measurements at the current
time, the mode coefficients at the current time, the mode coefficients at
the future time, and the flow field at the future time. The flow field is
reconstructed in combination the existing POD mode ®; with the pre-
dicted POD coefficient o, as shown in Fig. 3. The reconstruction process
is obtained by:

Npop

W(x,n) = Wo(x) + Y ai-dy(x) (26)
k=1

3. Numerical settings
3.1. Geometry configuration and simulation setup

The model mentioned above is used to implement the full-loop
modeling of an industrial CFB boiler. This section introduces the ge-
ometry configuration and simulation setup. Fig. 4 shows the schematic
diagram of the CFB. The CFB boiler system includes a chamber, cyclone
separator, and U-type return feeder. The parameters used for numerical
simulation are listed in Table 2. The diameters of the biomass particles
and coal particles are set to 2 mm and 1 mm, with densities of 585 kg/m>
and 1375 kg/m®, respectively. The fuel proximate analysis is listed in
Table S2 of the Supporting Information. The walls are all designed with
no-slip and constant temperature boundary conditions. The physical
time for FOM is 20 s. The time step is set to 0.001 s from 0 s to 2 s, and
the time step is set to 0.0001 s from 2 s to 20 s. The snapshot time in-
terval is 0.01 s, resulting in a total of 2000 snapshots. However, since the
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chemical reaction did not commence during the first 2 s, the actual
number of snapshots used is 1800. As for the time series process, the first
1000 snapshots are used to train the TCN, and the last 800 snapshots are
used to verify the accuracy of the TCN.

3.2. Model validation of FOM

Before applying the model to simulate real multi-physics processes,
systematic validation is required. It is well known that fluid dynamics
are highly correlated with heat and mass transfer in fluidized bed sys-
tems. Therefore, this section validates the FOM through experimental
measurements of gas—solid thermophysical properties in a fluidized bed
system, demonstrating its capability to reasonably capture the complex
flow dynamics and heat and mass transfer processes within a CFB.

3.2.1. Validation 1: 0.5MWpy, pilot-scale CFB

The MP-PIC method is validated for co-combustion of refuse derived
fuel (RDF) and coal in a 0.5 MWy, pilot-scale CFB installed at Zhejiang
University (Bai et al., 2012). The test rig has a furnace height of 11.2 m.
The primary-to-secondary air ratio is maintained at 7:3, and the total
mass flow rate of coal and RDF is 0.1736 kg/s. The density of coal
particles is set to 1200 kg/m>, while the density of RDF particles is set to
590 kg/m?>. Detailed settings can be found in our previous publication
(Kong et al., 2020). As shown in Fig. 5, the time-averaged concentration
of the main pollutants at the outlet of the cyclone separator is consistent
with the experimental data. The temperature distribution within the

furnace agrees well with the experiment, with a relative error of less
than 8 %.

/Reconstruction field at different time instants\

Fig. 3. Illustration of field reconstruction of the CFB.
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Table 2
Parameters used for MP-PIC simulation.

Parameter Gas flow rate Solid flow rate
Primary air inlet (m/s) 5 -
Secondary air inlet (kg/s) 2.25 -
Loop-seal inlet (left) (m/s) 1 -
Loop-seal inlet (right) (m/s) 0.3 -
Biomass feed inlet (kg/s) 0.32255 1.736
Coal feed inlet (kg/s) 0.32255 0.306
Cyclone outlet Atmosphere pressure

Excess air ratio 1.3 -

Air temperature 473 K -
Fuel temperature - 473 K
water wall temperature 698 K -

3.2.2. Validation 2: 300MWy, industrial-scale CFB

The MP-PIC model is validated for gas—solid flow in a 300 MWy,
industrial-scale CFB boiler installed in Guangdong Province, China. The
furnace height is 39.7 m, with primary and secondary air flow rates set

[ |Experimental data
[ ]Simulation results

Tyeq = 1153K

Gas concentration (mg/m’)
[ w - N (=)
> > > =3 =3
> > > =l =]
1 1 1 1 1

100
0 T T T
co SO, HC1

(a)

(b)

Fig. 4. The geometry of the CFB. (a) geometric configuration; (b) computational grids.

at 474100 m3/h and 333200 m>/h, respectively. The densities of coal
particles and bed material particles are set to 1300 kg/m® and 2600 kg/
mg, respectively. Detailed settings can be found in (Kong et al., 2023).
The temperature field within the circulating fluidized bed reactor
effectively reflects the heat transfer, mass transfer, and thermochemical
characteristics within the furnace. By comparing the time-averaged
temperature at a specific horizontal line in the current simulation with
experimental data as shown in Fig. 6, it is found that the relative error
between the predicted and experimental values is less than 4 %, and the
temperature distribution profile is successfully captured, validating the
reliability of the MP-PIC method. The authors have previously used the
MP-PIC method for numerical simulations of biomass gasification (Wang
et al., 2018), coal combustion and staged conversion (Kong et al., 2023;
Ge et al., 2024), and co-combustion of coal with waste-derived fuels
(Kong et al., 2020), demonstrating that the method provides sufficient
precision in handling dense gas-solid reacting flows. Therefore, the MP-
PIC model proposed in this study can provide a high-precision dataset
for the ROM.
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Fig. 5. Comparisons between the simulation results and experimental data (Bai et al., 2012). (a) gas distribution; (b) temperature distribution.
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Fig. 6. Comparison of the horizontal temperature distribution between the
simulation results and experimental data.

4. Results and discussion

This section validates the ECS-TCN-ROM in a CFB. The first part of
this section covers the offline preparation phase of the ECS-TCN-ROM,
including POD, ECS, and TCN training. POD is performed on the vari-
ables of interest in CFB, such as the mass fraction of CO,. Subsequently,
ECS is performed based on the decomposed modes. The mode co-
efficients are reconstructed through the sparse measurements in the
physical space. After obtaining the mode coefficients at the current time
through ECS, TCN is trained to predict the mode coefficients at future
times, enabling early warning. The second part of this section describes
the online prediction process of the ECS-TCN-ROM. Based on the
developed model, online predictions are made for CO5 mass fraction,
temperature, and particle volume fraction, followed by an assessment of
the prediction errors. The predicted mode coefficients and the modes
obtained by POD are linearly combined to reconstruct the full flow field.

4.1. Offline preparation

4.1.1. POD analysis
Dense gas-solid reaction flow contains variables such as particle
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volume fraction, temperature, and species mass fraction. Only the POD
analysis of the CO mass fraction is shown in this section. Fig. 7 illus-
trates the variation in mode energy. It can be found that the mode energy
distribution of CO3 is not concentrated. Due to the strong nonlinear
characteristics of multi-physics coupling in dense gas-solid flow, the
distribution characteristics of chemical species are not easy to capture.
When the number of modes is 240 and 479, it can contain 80 % and 90 %
of the characteristics of the flow field, respectively. As shown in Fig. 8,
the first 10 modes of the CO, mass fraction are presented, which reflect
the main distribution characteristics of the CO5 mass fraction. In the first
and second modes, CO, exhibits a low concentration at the fuel inlet,
representing the primary characteristic of CO, distribution. The differ-
ences in COy mass fraction across the various modes are mainly
concentrated at the fuel inlet and the wall surfaces on the inlet side.

4.1.2. Enhanced compressed sensing
After POD decomposes the FOM snapshots, the spatial modes can be

used to identify the optimal sparse measurement point positions.
Following ECS, a mapping relationship between measurements and
mode coefficients can be established, enabling the coupling of physical
and digital spaces. In the following, RMSE is used as the basis for the
reconstruction accuracy of CS and ECS. The calculation method of RMSE
is:
n

i — ) 27)

i=1

RMSE =

R

where, y; is the actual value , y; is the predicted value, and n is the
number of data. There are complex multiphase and multi-physics
coupling processes in a CFB, and traditional CS may not be feasible
when the number of measurement points is too small. As the number of
measurement points increases, the accuracy of CS gradually improves.
However, in industrial applications, using an excessive number of
measurement points is often impractical, resulting in inevitable noise
fluctuations. To reduce noise in the mode coefficients, an ECS-ROM is
developed, which couples a CS-ROM with an adaptive Savitzky-Golay
(S-G) filter. The S-G filter denoises the noise in the mode coefficients
through a sliding window. However, high-precision denoising across all
frequencies of the mode coefficients is not achievable due to the sliding
window nature of the filters. ECS-ROM narrows the sliding window as
the dominant frequency of the mode coefficients increases, enabling
high-precision denoising for mode coefficients with different dominant
frequencies. After developing the adaptive denoising algorithm, the
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Fig. 7. CO, mass fraction distribution of the first 10 orders of POD modes. (a) mode energy; (b) mode cumulative relative mode energy.
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Fig. 8. The distribution of CO, mass fraction at the first 10 orders of POD modes. (a) 1st mode; (b) 2nd mode; (c) 3rd mode; (d) 4th mode; (e) 5th mode; (f) 6th mode;

(g) 7th mode; (h) 8th mode; (i) 9th mode.

ECS-ROM coupled with the S-G filter provides higher accuracy, as shown
in Fig. 9. Among them, the number of measurement points and the
number of modes used in Fig. 9(a) and Fig. 9(b) are both 100. The
number of modes used in Fig. 9 (c) is 100.

The two measurement point selection methods, DEIM and QR-
pivoting, are compared. The comparison between the two is shown in
Fig. 10. The number of measurement points and modes used is consistent
with that in Fig. 9. The reconstruction accuracy of QR-pivoting is
significantly lower compared to the DEIM method. Except when the

number of measurement points is 50, where the RMSE of mode co-
efficients reconstructed by DEIM reaches 0.56, all other RMSEs are
below 0.17. In contrast, the RMSE of mode coefficients reconstructed by
QR-pivoting ranges from 0.75 to 1.52. Therefore, DEIM is adopted for
measurement point position determination in the subsequent analysis.

The number of measurement points can be chosen based on the
desired accuracy for the specific industrial process. A parametric anal-
ysis is conducted to determine the optimal number of measurement
points. As shown in Fig. 11 (a), (b), and (c), an analysis of the RMSE for
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Fig. 9. The comparison of the CS-ROM (DEIM) and ECS-ROM (DEIM). (a)the 5th mode coefficient evolution of CO, mass fraction; (b) the 5th mode coefficient parity
plot between the ROM and the original coefficient; (c) the ROM RMSE for different measurement points.
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Fig. 10. The comparison of the ECS-ROM (QR-pivoting) and ECS-ROM (DEIM). (a)the 5th mode coefficient evolution of CO, mass fraction; (b) the 5th mode co-
efficient parity plot between the ROM and the original coefficient; (c) the ROM RMSE for different measurement points.
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Fig. 11. The RMSE and relative error for different mode numbers and measurement point numbers. (a) RMSE of CO5 mass fraction; (b) relative error of CO, mass
fraction; (c) RMSE of temperature; (d) relative error of temperature; (e) RMSE of particle volume fraction; (f) relative error of particle volume fraction.

CO4 mass fraction, temperature, and particulate volume fraction reveals
that the number of measurement points and the number of selected
reconstruction modes are correlated. When the number of measurement
points meets or exceeds the required modes, the ECS-ROM achieves a
lower RMSE. Otherwise, the RMSE increases significantly. With the
number of modes held constant, the RMSE of the ECS-ROM decreases as
the number of measurement points increases. However, with the num-
ber of measurement points held constant (considering the correlation
between measurement point number and mode number, this analysis
assumes the number of measurement points is greater than the number
of modes), the RMSE does not necessarily decrease with the increase in
the number of modes. This is because the prediction errors of higher-

10

order mode coefficients, which have higher frequencies and more
complex fluctuations, may increase, resulting in a higher overall RMSE.

The accuracy of the ECS-ROM is influenced by both the ECS recon-
struction accuracy (RMSE) and the number of selected reconstruction
modes. Therefore, relying solely on the ECS reconstruction accuracy
(RMSE) of the ECS-ROM to determine the number of measurement
points is insufficient. Based on this, a further comparison of the relative
errors is conducted, as shown in Fig. 11 (d), (e), and (f). It is observed
that the variation in relative error with the number of measurement
points follows a similar trend to that of RMSE as a function of the
number of measurement points. However, in certain specific cases, such
as for the particle volume fraction, when the “measurement point-mode”
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combinations are “150-100” and “150-150”, the RMSE for the
“150-100”" is lower, while the relative error for the “150-150" is
smaller. This is because, with other conditions constant, the ROM with
150 modes inherently offers better accuracy than the ROM with 100
modes. Therefore, despite a decrease in the prediction accuracy of the
mode coefficients, the increased number of modes compensates for this
effect, resulting in higher ROM accuracy. Taking the ECS-ROM of 100
modes for CO, mass fraction as an example, Fig. 12 illustrates the COy
mass fraction distribution for different numbers of measurement points.
It can be observed that when the number of measurement points exceeds
100, many features in the furnace can be well reproduced. However,
there is a significant discrepancy between the ECS-ROM and the FOM
when the number of measurement points is reduced to 50. The distri-
bution patterns of CO,, such as the low concentration zones in the
furnace, cannot be captured. Considering both the economic feasibility
and accuracy of measurement points, the ECS-ROMs for CO, mass
fraction, temperature, and particulate volume fraction are constructed
using “measurement point-mode” combinations of “100-1007,
“150-1007, and “100-100”, respectively.

4.1.3. Time coefficient prediction

This section uses the coefficients obtained from the ECS-ROM as
inputs and the mode coefficients at future time steps as outputs to train
the TCN. The input time step number of TCN is 30. In the authors’
previous work (Li et al., 2024), it has been demonstrated that when the
input and output time steps are consistent, both accuracy and efficiency
can be effectively balanced. Therefore, the output time step number is
kept consistent with the input time step number, which is 30. Due to
space limitations, Fig. 13 presents only the time series predictions of the
5th, 10th, and 15th mode coefficients for CO5 mass fraction, tempera-
ture, and particle volume fraction. TCN performs well for mode co-
efficients at different frequencies, maintaining exceptionally high
accuracy when predicting the mode coefficients over the next 30 time
steps, thus laying the foundation for the advanced control of digital
twins.

4.2. Online prediction

After completing the offline preparation, including POD, ECS, and
TCN, the ECS-TCN-ROM construction enters the online stage. First, the
reconstruction errors for CO, mass fraction, temperature, and particle
volume fraction are analyzed. Fig. 14 shows the error evolution for TCN-
ROM and ECS-TCN-ROM. The error in (a) represents the snapshot
average error corresponding to different numbers of modes. The
reconstruction errors of both TCN-ROM and ECS-TCN-ROM gradually
decrease as the number of modes increases. The error in (b) represents

oo menazton
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the transient error of the ECS-TCN-ROM and TCN-ROM over time. The
reconstruction errors for TCN-ROM and ECS-TCN-ROM remain stable as
time progresses. The ECS-TCN-ROM error is slightly larger than the
TCN-ROM error since certain details are inevitably overlooked during
the ECS, leading to increased error. Notably, compared to CO, mass
fraction and particle volume fraction, the temperature ROM recon-
struction error is smaller.

Fig. 15 illustrates the distribution of the CO5 mass fraction predicted
by TCN-ROM and ECS-TCN-ROM. The CO3 mass fraction obtained from
TCN-ROM has a small error compared to FOM and exhibits better ac-
curacy performance. ECS-TCN-ROM can provide an approximate dis-
tribution of the CO, mass fraction, but it overlooks some details. The
CO4 mass fraction and particle volume fraction approach zero in certain
regions. If relative error is used for calculation, the errors in those re-
gions would be extremely large, which is not conducive to error distri-
bution analysis. Therefore, in this paper, for consistency, absolute error
analysis is applied to the CO5 mass fraction, temperature, and particle
volume fraction. The same phenomenon observed in the CO, mass
fraction ROM is also evident in the temperature ROM and particle vol-
ume fraction ROM, as shown in Figs. 16 and 17.

Flow fields at different time points are selected for a more quanti-
tative comparison. Five cross-sections at heights of 3m, 6 m, 9 m, 12 m,
and 15 m within the furnace are averaged to analyze the variation of
variables at different elevations. The specific changes are shown in
Fig. 18. The ECS-TCN-ROM effectively captures the characteristics of the
flow field.

Furthermore, the inference time of ECS-TCN-ROM is compared. Once
again, the output time steps of TCN are consistent with the input time
steps. The ECS-TCN-ROM includes 3 steps: POD, enhanced compressed
sensing, and prediction. Since both the POD and the determination of
measurement point locations in ECS are carried out offline, they are not
included in the online prediction time of the ECS-TCN-ROM. Table 3
presents the offline time consumption for POD and ECS (offline prepa-
ration), including the time required by ECS to determine the measure-
ment point positions for both the required number of measurement
points (100/150/100) and all 1800 measurement points. Table 4 shows
the online time consumption of the FOM and ECS-TCN-ROM over 30
time snapshots (physical time is 0.3 s). The offline preparation run with
a 16-core and the online prediction run with a single core (Intel(R) Core
(TM) i5-14400 2.50 GHz). It is important to note that the ROM simu-
lation time in this paper refers to a single variable. Since all variables are
coupled and solved in FOM, the FOM simulation time refers to all var-
iables. The reduction is defined as the ratio of FOM (MP-PIC) time to
ECS-TCN-ROM time. Among these cases, the simulation efficiency of
ECS-TCN-ROM increases by about 25,000 times. In summary, the ECS-
TCN-ROM proposed in this paper takes the sparse measurement points

CC2 mass faclion
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Fig. 12. CO, mass fraction predicted by POD-ROM. (a) FOM; (b) ECS-ROM-50 measurement points; (¢) ECS-ROM-100 measurement points; (d) ECS-ROM-150
measurement points; (e) ECS-ROM-200 measurement points; (f) ECS-ROM-250 measurement points.
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Fig. 13. The mode coefficients predicted by TCN. (a) 5th mode coefficient of CO, mass fraction; (b) 10th mode coefficient of CO, mass fraction; (c) 15th mode
coefficient of CO5 mass fraction; (d) 5th mode coefficient of temperature; (e) 10th mode coefficient of temperature; (f) 15th mode coefficient of temperature; (g) 5th
mode coefficient of particle volume fraction; (h) 10th mode coefficient of particle volume fraction; (i) 15th mode coefficient of particle volume fraction.

in the physical space at the current time as input, uses mode decom-
position and machine learning methods to obtain the full flow field at
the future time, and realizes the virtual-real mapping effect of the digital
twin.

5. Conclusions

This study proposes a novel ECS-TCN-ROM for dense gas—solid flow
in a CFB. The POD, ECS, and time series prediction are deeply coupled in
the ECS-TCN-ROM, which constructs a mapping relationship that takes
sparse measurement points in the physical space at the current moment
as input and full-field flow at the future moment as output. The con-
clusions are as follows:

1) Some key variables in the CFB, such as CO, mass fraction, are
properly orthogonally decomposed. The main modes of CO2 mass
fraction reflect the main characteristics of the CO, mass fraction
distribution.

12

2) The mode coefficients obtained through CS often exhibit noise fluc-
tuations. The ECS-TCN-ROM, coupled with an adaptive denoising
algorithm, achieves higher reconstruction accuracy with fewer
measurement points.

3) Although the ECS-TCN-ROM incurs a larger error compared to the
TCN-ROM, it further eliminates the idealized assumptions of the
TCN-ROM, with the error remaining within industrially acceptable
limits.

4) The ECS-TCN-ROM achieves a four-order-of-magnitude acceleration,
laying the foundation for the realization of digital twins.

It is worth noting that this paper theoretically establishes a mapping
relationship from sparse measurement points in physical space to the full
flow field in digital space, although all data are based on CFD simulation
results. For instance, the data of FOM is based on CFD, and ECS-TCN-
ROM assumes the grid point data in the CFD simulation results as
physical space input. In addition, in real-world CFBs, measurement
sensors are typically placed on the walls at the furnace inlet and outlet.
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Fig. 14. Error predicted by TCN-ROM and ECS-TCN-ROM. (a) error varying with the number of modes; (b) error varying with time.
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The number of measurement points is generally limited, and the mea-
surements are often noisy. In future research, it is planned to replace the
input in CS with the data from real physical space, while considering the
aforementioned limitations, and then build a real virtual-real digital
twin system. The method proposed in this paper provides a way to
implement the digital twin of the actual industrial production process.
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Fig. 16. Temperature. (a) FOM; (b) TCN-ROM,; (c) absolute error of TCN-ROM; (d) ECS-TCN-ROM; (e) absolute error of ECS-TCN-ROM.
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Table 3
Offline time consumption of the POD and the ECS (preparatory phase).

Variable POD ECS (offline preparation) [s]
[s] Required number of All 1800
measurement pOil’ltS measurement pOil‘ltS
CO, mass 22.31 4.28 5318
fraction
Temperature 22.61 10.27 5420
Particle 21.73 4.34 5429
voidage
Table 4
Online time consumption of the FOM and ECS-TCN-ROM.
Variable Model CFD [s] Prediction [s] Reduction
CO,, mass fraction FOM 68 - -
ECS-TCN-ROM — 0.0026 26,153
Temperature FOM 68 - -
ECS-TCN-ROM - 0.0028 24,285
Particle voidage FOM 68 - -
ECS-TCN-ROM - 0.0025 27,200
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