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ABSTRACT

With the intelligent transformation of process manufacturing, accurate and comprehensive perception
information is fundamental for application of artificial intelligence methods. In zinc smelting, the flu-
idized bed roaster is a key piece of large-scale equipment and plays a critical role in the manufacturing
industry; its internal temperature field directly determines the quality of zinc calcine and other related
products. However, due to its vast spatial dimensions, the limited observation methods, and the complex
multiphase, multifield coupled reaction atmosphere inside it, accurately and timely perceiving its tem-
perature field remains a significant challenge. To address these challenges, a spatial-temporal
reduced-order model (STROM) is proposed, which can realize fast and accurate temperature field percep-
tion based on sparse observation data. Specifically, to address the difficulty in matching the initial phys-
ical field with the sparse observation data, an initial field construction based on data assimilation (IFC-
DA) method is proposed to ensure that the initial conditions of the model can be matched with the actual
operation state, which provides a basis for constructing a high-precision computational fluid dynamics
(CFD) model. Then, to address the high simulation cost of high-precision CFD models under full working
conditions, a high uniformity (HU)-orthogonal test design (OTD) method with the centered L, deviation is
innovatively proposed to ensure high information coverage of the temperature field dataset under typical
working conditions in terms of multiple factors and levels of the component, feed, and blast parameters.
Finally, to address the difficulty in real-time and accurate temperature field prediction, considering the
spatial correlation between the observed temperature and the temperature field, as well as the dynamic
correlation of the observed temperature in the time dimension, a spatial-temporal predictive model
(STPM) is established, which realizes rapid prediction of the temperature field through sparse observa-
tion data. To verify the accuracy and validity of the proposed method, CFD model validation and
reduced-order model prediction experiments are designed, and the results show that the proposed
method can realize high-precision and fast prediction of the roaster temperature field under different
working conditions through sparse observation data. Compared with the CFD model, the prediction
root-mean-square error (RMSE) of STROM is less than 0.038, and the computational efficiency is
improved by 3.4184 x 10* times. In particular, STROM also has a good prediction ability for unmodeled

conditions, with a prediction RMSE of less than 0.1089.
© 2025 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and
Higher Education Press Limited Company. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).

1. Introduction

[1,2]. In the past, single perception methods struggled to provide
comprehensive information. However, with the advent of new

Process manufacturing is a vital component of modern industry
and plays a significant role in the national economy. Accurate per-
ception of the operating status is crucial in process manufacturing,
as it provides essential data for process monitoring and control
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technologies, particularly those driven by artificial intelligence
(Al), many advanced intelligent perception methods have been
developed for process manufacturing. Zinc smelting is a typical
process in the manufacturing industry, and the fluidized bed
roaster is a key piece of equipment for zinc smelting. The internal
temperature field of the roaster directly determines the quality of
zinc calcine (ZnO) and other products. A suitable temperature field
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can promote the conversion of zinc sulfate to zinc oxide, thus
improving the quality of zinc calcine. However, a local high-
temperature field will lead to dissolution of silicate, which will
reduce the purity of zinc calcine and cause a sintering fault. There-
fore, perceiving the temperature field in the roaster is essential to
improve the quality of zinc smelting [3,4]. Since the roaster is a
piece of reaction equipment with a large internal space and com-
plex reaction conditions, only a few sensors can be deployed,
resulting in restricted means of observation. Moreover, the multi-
field flow-solid heterogeneous coupled reaction atmosphere,
including the velocity, temperature, and concentration, is affected
by the working condition parameters, such as the feed speed, blast
speed, and material components, making accurate perception of
the atmosphere difficult [5,6].

With the development of computer simulation technology and
the increasing computational power, numerical simulation has
become an effective and low-cost technique to understand the
reaction atmosphere inside a roaster, and it can provide detailed
information on the fluid flow, heat transfer, mass transfer, and
chemical reactions [7]. The reaction atmosphere inside a roaster
is a typical dense gas—solid multiphase flow, and the numerical
simulation methods for this reaction atmosphere mainly include
two types: the Eulerian-Lagrangian model based on the dynamics
of discrete particles and the Eulerian-Eulerian model based on a
particle pseudo-fluid. The Eulerian-Lagrangian model treats the
gas phase as a continuous phase, and a system of equations is
established to solve it under the Eulerian coordinate system. For
the particle phase, the trajectory of each discrete particle in the
flow field is tracked on the basis of Newton’s laws of mechanics
in the Lagrangian coordinate system, and the energy and chemical
reaction processes are coupled to obtain the particle motion, tem-
perature, and composition parameters [8]. To solve the problem of
inaccurate simulation of the fluidized bed under the assumption of
a homogeneous particle size, Wu et al. [9] constructed an oxy-
genated circulating fluidized bed combustion model based on the
dense discrete phase simulation method under the Eulerian-
Lagrangian framework to achieve accurate simulation of the flu-
idized bed roaster, and the simulation results were consistent with
the experimental data. To address the unclear product mechanism
of the fluidized bed under different working conditions, Hu et al.
[10] proposed a simulation method integrating coarse-grained
computational fluid dynamics (CFD) and discrete element analysis
to model the fluidized bed gasifier, resolving the mechanisms of
the influence of different operating parameters on the gasification
of bubbling fluidized bed coal. Due to measurement difficulties, the
gas flow distribution and particle dynamics mechanism are com-
plex to analyze. To solve this, Liu et al. [11] applied the CFD-
discrete element method (DEM) to establish a fluid dynamics
model of a fluidized bed and explore the pressure influence mech-
anism on the fluidization characteristics. However, as more parti-
cles are tracked, the computational cost considerably increases,
limiting the application of such methods to model industrial-
scale reactors.

The Eulerian-Eulerian model treats the particle phase as a
pseudo-fluid with the characteristics of a continuous medium
and interpenetration with the gas phase. The continuity and
momentum equations including the gas and particle phases are
established in the Eulerian coordinate system and closed based
on molecular and particle dynamics theories, and the critical gas
and particle phase flow parameters are obtained, which can realize
industrial-scale multiphase flow simulation with a low computa-
tional cost [12,13]. To address the unclear mechanism of the influ-
ence of fluidizers on the flow characteristics of particles in liquid-
solid fluidized beds, Pang et al. [ 14] numerically simulated the flow
behavior of particles and power-law fluids in fluidized beds by
using the two-fluid model and kinetic theory of granular flow
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and resolved the influence mechanism of the flow behavior
indexes and consistency coefficients on the nonuniformity of par-
ticles. Due to the significant computational demands in simulating
industrial-scale fluidized beds, precise modeling is challenging. To
solve this problem, Dash et al. [15] considered four particle phases
and one gas phase to establish a multiphase Eulerian-Eulerian
model for roasters, and the simulation results matched the actual
data of a plant well. To address the problem that the three-
dimensional (3D) integrated operation mechanism of coal combus-
tion in a circulating fluidized bed system is not precise, Wu et al.
[16] established a 3D integrated model of coal combustion in a cir-
culating fluidized bed under an air environment by using the
Eulerian-Eulerian method based on a 50 kW (thermal) circulating
fluidized bed combustion chamber, and the simulation results well
matched the experimental data, which provided a complete phys-
ical image including the flow, temperature, and gas composition.

More recently, related improvements have been made to apply
CFD models in practice [17-19] while ensuring the accuracy of the
CFD model, reducing the cost of tests, and enhancing the efficiency
of the model calculation. To achieve accurate simulation of the
greenhouse cooling performance, Saberian and Sajadiye [20]
applied meteorological simulation data to set the initial conditions
of the CFD model and verified the accuracy of the CFD simulation
through physical experiments. To reduce the high computational
cost of a high-fidelity 3D gasifier simulation, Yu et al. [21] adopted
one-dimensional CFD-DEM simulation results as the accurate ini-
tial conditions of the 3D simulation, which significantly shortened
the time required for the model to reach the steady state and real-
ized accurate simulation of the gasifier. Although the above
method can improve the model accuracy, the simulation cost of
comprehensive high-precision CFD simulations under full working
conditions is high. Therefore, to reduce the cost, a reasonable test
design to obtain typical working condition data is required. To
solve the problems that the temperature field of a tubular reactor
is affected by multiple heaters and that comprehensive simulation
is costly, Xie et al. [22] applied an orthogonal experimental design
method to obtain the data of typical working conditions, which
were used to reduce the number of experiments from an exponen-
tial level to a linear level. The complex reactions in a fluidized bed
make obtaining a dataset that adequately covers its operating char-
acteristics difficult. To solve this problem, Du et al. [23] combined a
neural network with an energy-minimization multiscale (EMMS)
drag model for parameterization to establish a complete fluidized
bed simulation scheme to obtain typical operating data under
the influence of gas properties and operating parameters. However,
the above methods can only reduce simulation costs in the offline
stage. High-precision CFD models usually take a long time to solve,
making meeting the real-time requirements of online applications
challenging. With the accumulation of simulation data providing a
new path for fast and accurate prediction of the temperature field,
data-driven reduced-order prediction methods have been pro-
posed [24,25]. When the process mechanism is unknown, estab-
lishing an accurate model is difficult. To solve this problem, Qing
et al. [26] proposed a spatial-temporal coupling model reduction
framework that combines an encoder-decoder network with a
recurrent neural network, achieving rapid reactor temperature
field prediction. Since the complexity of high-dimensional models
limits their application, Lorenzetti et al. [27] proposed a reduced-
order model predictive control method to solve the optimal control
problem of high-dimensional linear systems, achieving an efficient
solution that satisfies robust constraints and stability
requirements.

The above methods can achieve fast and accurate prediction of
temperature fields to some extent. However, due to the large space
of a roaster, limited observation methods, and complex reaction
atmosphere, rapidly and accurately predicting the roaster
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temperature field via the above methods is difficult. In summary,
there are three problems: (D Matching the initial physical field of
the model with the actual sparse observation data is difficult;
@ the roaster temperature field has multiple working conditions,
with a high computational cost for comprehensive simulation;
and @ quickly and accurately predicting the roaster temperature
field based on the sparse observation data is difficult. To solve
these issues, a spatial-temporal reduced-order model (STROM) is
proposed, which can quickly and accurately predict the tempera-
ture field based on sparse temperature observation data. First, to
address the difficulty in matching the initial physical field of the
model with sparse observation data, an initial field construction
based on data assimilation (IFC-DA) method is proposed, which
can reconstruct the initial conditions of the model with high reso-
lution. Then, to reduce the high computational cost of comprehen-
sive simulation of the roaster with multiple working conditions, a
high uniformity (HU)-orthogonal test design (OTD) method is pro-
posed, which ensures high information coverage of temperature
field datasets for typical working conditions. Finally, to address
the difficulty of real-time prediction of the temperature field, con-
sidering the spatial and dynamic correlation, a spatial-temporal
predictive model (STPM) is proposed, which can realize rapid pre-
diction of the temperature field based on sparse observation data.
In summary, the main contributions of this paper are as follows:

e To overcome the difficulty in matching the initial physical
field of the model with the actual sparse observation data,
an IFC-DA method is proposed to realize high-precision and
high-resolution reconstruction of the initial field.

e To reduce the high computational cost of roaster tempera-
ture field simulations under full working conditions, an
HU-OTD method in which the centered L, deviation is intro-
duced is innovatively proposed, which can obtain typical
working condition data with sufficient coverage of parame-
ter ranges.

e To achieve real-time and accurate prediction of the roaster
temperature field, an STPM is proposed, which can realize
fast and accurate prediction of the entire temperature field
based on sparse temperature observation data and improve
the computational efficiency by 3.4184 x 10* times com-
pared with that of numerical simulation methods.

The remainder of this paper is structured as follows. In Section 2,
the operating characteristics of the roaster and the difficulties
faced in real-time accurate prediction are analyzed. In Section 3,
the framework of STROM is presented. In Section 4, the superiority
of the proposed method is verified through extensive experiments.
Concluding remarks are given in Section 5.

2. Process analysis

This section describes the operating mechanism of a roaster and
analyzes the difficulties faced in quickly and accurately predicting
the temperature field of the roaster from the perspective of practi-
cal application.

2.1. Process description

As shown in Fig. 1(a), the roaster mainly contains five units: the
feeding unit, blower unit, roaster furnace, flue gas unit, and calcine
unit. The feeding unit is used to throw the zinc concentrate, which
is mainly composed of ZnS and Si, into the roaster. The blower unit
supplies the roaster with air. The flue gas unit exhausts and recov-
ers SO, gas. The calcine unit transports zinc calcine (ZnO) for the
subsequent leaching process. The main reactions occurring in the
roaster are as follows:
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ZnS + %Oz =7Zn0 + SO,

ZnS + 20, = ZnS0,4

3ZnS + %oz =7n0 - 2ZnS0,4 + SO,

where reaction (1) is the primary reaction that produces zinc cal-
cine, whereas reactions (2) and (3) produce impurities, affecting
the quality of zinc calcine.

The roaster has a coupled reaction atmosphere of flow, con-
centration, and temperature fields, as shown in Fig. 1(b). First,
the blast speed drives the flow field to form a velocity distribu-
tion inside the roaster, which affects the concentration and tem-
perature distributions through mass and heat transfer of the fluid.
The zinc concentrate is then ejected from the feeding unit and
suspended by the fluid to form a fluidized reaction atmosphere,
which enables the oxygen and the ore to be in full contact to
carry out the redox reaction. In the fluidized roaster, the ore par-
ticles are affected by their own gravity and fluid traction, result-
ing in a concentration field distribution due to the different
particle sizes and velocity distributions. Finally, the zinc concen-
trate and oxygen undergo a chemical reaction, as shown in reac-
tions (1)-(3). This reaction is exothermic, and locations with high
ore concentrations release more heat, resulting in a temperature
distribution. Heat is transferred from high- to low-temperature
locations through thermal diffusion and convection, forming a
temperature field.

The temperature field in the roaster determines the quality of
the zinc calcine product. On the one hand, from the thermody-
namic analysis of the Zn-S-0 chemical reaction, a higher temper-
ature promotes decomposition of ZnSO4, which produces more
ZnO (zinc calcine). On the other hand, there will be silicate impu-
rities in the product. According to an analysis of the physical prop-
erties of impurities, silicate has a low melting point, and a high
temperature will cause it to melt, thereby reducing the purity of
the zinc calcine. Therefore, considering both aspects, the tempera-
ture field of the roaster must be perceived in real time to stabilize
the temperature within a specific range and ensure the purity of
the zinc calcine product.

2.2. Challenges in temperature field prediction

The internal reaction mechanism of the roaster is complex, and
the working conditions frequently fluctuate with changes in the
inlet raw material. Additionally, owing to the large size of the flu-
idized bed roaster, the high temperature in the roaster, and the
limited observation methods, rapid and accurate prediction of
the temperature field faces three challenges as follows.

2.2.1. Difficultly matching the initial physical field with sparse
observation data

CFD simulation is usually applied to obtain the internal reaction
atmosphere of a roaster. The simulation accuracy depends on accu-
rate initial conditions. Even if there is a slight deviation, significant
simulation errors will occur after multiple simulation iterations.
However, owing to the limitations of observations, only low-
resolution initial physical fields can be obtained, as shown in
Fig. 2(a). Compared with the actual initial physical field, the details
deviate. In addition, only sparse observation data can be collected,
as shown in Fig. 2(b). Therefore, the first challenge that needs to be
solved is how to reconstruct the high-precision and high-
resolution physical field based on the low-resolution initial physi-
cal field and sparse observation data.
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Fig. 2. Initial physical field: (a) low resolution (0.1 m x 0.1 m) and (b) real (0.05 m x 0.05 m).
2.2.2. High cost of simulations for full working conditions required for comprehensive consideration, and high-precision CFD
The reaction atmosphere in the roaster is affected by factors simulation costs are high. The OTD method is applied to obtain

such as the feed speed, blast speed, and components, and there typical working conditions, which can reduce the number of exper-
are multiple working conditions. Extensive simulations are usually iments from O(n}") to O(mn¢) (where O(-) is time complexity, n, is
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the number of levels, and ng is the number of factors), significantly
reducing the cost. However, the OTD method does not consider the
uniformity of the parameter distribution and cannot fully cover the
parameter range. Therefore, the second challenge is how to design
experiments to obtain data of typical conditions with low simula-
tion costs and to fully cover the operating characteristics within
the parameter range.

2.2.3. Difficulty accurately predicting the temperature field in real time

The roaster has a large internal space, with a radius of approx-
imately 6.9 m and a height of approximately 34 m. However,
owing to the complex internal reaction environment, only a few
sensors can be deployed on the reactor wall, and the monitoring
methods are limited, making perception of the reaction atmo-
sphere difficult. Moreover, CFD models usually require hours of
simulation time to simulate changes in the reaction atmosphere,
which makes CFD simulations difficult to apply in real applica-
tions. Therefore, the third challenge is how to use sparse observa-
tion data to quickly and accurately predict the temperature field
of the roaster.

3. Spatial-temporal reduced-order model

This section presents the STROM in detail, including CFD mod-
eling, IFC-DA, HU-OTD, and STPM. The overall framework of the
method is shown in Fig. 3.

3.1. CFD modeling

Computer simulation is used to model the reaction atmosphere
inside the roaster. It consists of two steps: mathematical model
construction and model solution. Moreover, considering the com-
plex operation process of the roaster, to ensure the success of the
calculation, the following assumptions are made for the model:

e The gas and particle phase fluids inside the roaster are con-

tinuous media and interpenetrate each other.

Engineering 52 (2025) 112-128

e According to the analysis of the relationship between the
fields in the roaster, the order of influence of the physical
fields in the roaster is the flow, concentration, and then tem-
perature fields.

e The forces between the gas and solid phases are considered
only for the effect of trailing forces, and other smaller forces
are not considered.

3.1.1. Mathematical model construction

The reaction atmosphere inside the roaster is a dense gas-solid
multiphase fluid. Two methods are usually applied to describe the
atmosphere: the Eulerian-Lagrangian and Eulerian-Eulerian meth-
ods. Both methods treat the gas phase in the same way: as a con-
tinuous fluid. The Eulerian-Lagrangian method tracks each solid
particle for the solid phase in the Lagrangian coordinate system.
As the number of particles increases, because the model calcula-
tion complexity is O(N?), where N is the number of particles, meet-
ing the high-precision modeling requirements for large-scale
roasters becomes challenging. The Eulerian-Eulerian method
treats the solid phase as a continuous fluid, greatly reducing the
calculation amount. Therefore, under the assumption that the gas
and particle phase fluids inside the roaster are continuous media
that permeate each other, the Eulerian-Eulerian method is applied
to model the reaction atmosphere inside the roaster. The STROM
improves the implementation of the Eulerian-Eulerian framework
in two main aspects: model solution and initial condition acquisi-
tion. The STROM uses a sequential calculation method to solve the
Eulerian-Eulerian framework according to the influence relation-
ship and sequence of the physical fields in the roaster. In addition,
STROM uses 3D variation assimilation to combine simulation
results and sparse parameter data to obtain accurate initial condi-
tions for the Eulerian-Eulerian framework. The application of the
Eulerian-Eulerian model requires specification of the governing
equations, including those for the continuity, momentum, energy,
component, and chemical reaction models [28,29], which are
described below.

STROM
a ] N 4 A
CFD modeling IFC-DA
i Mathematical model i [P S T ' Back d T TToTToTT T !
' construction ! ] Model solution ' aCfS"Izun ' 3Ddata assimilation |
: - ! : - ie : i
! Continuity ' Model Fully coupled solution, ‘ ' Data preparation !
. Momentum I | Separated solution | i Optimization i —
' Energy ! I . o ' " " i v
i Component I ! Sequential solution ! ! Initial condition | \'“& AH
1 J & o | | 1 ! Vi Wl
:_ e (_)P_e_rr]lf:?l_r_e_a_ctl?[\ — _: e ! Reconstruction field
o J J
CFD model
Initial field
e N
STPM
! Orthogonal test Joint spatial—- E /| -
E design temporal model : ‘(‘ 1 e+ 1)
! Key factorselection Temporal dynamic model E X ; ‘ )
! Levelselection Spatial distributionmodel | ;WQ ., el S
I ! ] i
' Orthogonaltable Joint spatial-temporal | .(;{\j) : Q{::wab .
: matching learning E k)L 0.(t+1)
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Continuity equation: The continuity equation is used to
describe the conservation of mass and contains the mass change
rate, the spatial variation in mass due to convection, and the source
term for the mass transfer between phases. The temporal and spa-
tial gradients for the gas and solid phases are defined as follows:

% (“gpg> +V- (“gpgug> = Sgs 4)

()

where o, p, t, and u are the volume fraction, the density of each
phase, time, and the velocity, respectively. V is gradient operator.
The subscripts g and s represent the gas and solid phases, respec-
tively. S represents the mass transfer between the gas phase and
the solid phase, which satisfies the following relationship:

0
a(asps) +V. (aSpsuS) = SSg

Sgs = *Ssg (6)

In the Eulerian-Eulerian model, the gas and solid phases are
both considered to be fluids, which together constitute the flow
medium. Therefore, the volume fractions of the two phases satisfy
the following relationship:

og+0os =1

(7)

Momentum equation: The momentum equation reflects that
the momentum change rate is affected by three factors: the change
in momentum with space due to convection, external forces, and
the change in momentum due to mass transfer between phases.
The external forces include pressure, viscous stress, gravity, and
phase drag. The momentum conservation equations for the gas
and solid phases are as follows:

5t (ocgpgug) +V. (ocgpgugug> = —0gVPg + Vg - Tg + 0g0,8

+ B(us — ug) + Sgstig (8)

0
a(ocspsus) + V- (0 ptastts) = —0sVPs + Vs - Ts + 04 08

+ B(ug — 1) + Segtts

9)

where P is the static pressure, 7 is the viscous stress tensor, g is the
gravitational acceleration, and S is the drag coefficient between the
gas and solid phases. In the above gas-solid momentum conserva-
tion model, the stress tensor needs to be closed as follows:

= iy [Vt + (V)] -5 1 (V) 10

T = [ [Vus + (Vus)T] 7% L (Vits) + s Vg (11)
where p is the shear viscosity and /s is the bulk viscosity of the solid
phase.

Energy equation: The energy equation reflects that the energy
change rate is affected by four factors: convective heat transfer,
diffusive heat transfer, external heat sources, and the energy
change caused by phase mass change. The energy equations for
the gas and solid phases are as follows:

0
ot (O‘gngg> +V- (O‘gpg“gHg> = V(kgVTg) + Qg + SgsH (12)

0

T (otspsHs) + V - (aspsHs) = V(ksVTs) + Qg + SsgH
where H, T, and k represent the enthalpy, temperature, and thermal
conductivity, respectively. Q is the interphase heat transfer between
the gas and solid phases, which is calculated as follows:

(13)
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ng = hsg(Ts - Tg) = *Qgs (14)

Nspe

H= Z Y.H,
a=1

where h is convective heat transfer, ngp. is the number of compo-
nents, and Y, is the mass fraction of the ath component. The
enthalpy (H,) of the ath component is calculated as follows:

(15)

T
Ho= [ CpodT + VHq

To

(16)

where Ty, Cy 4, and VHg, are the reference temperature, heat capac-
ity of each component at constant pressure, and standard genera-
tion enthalpy of the ath component, respectively.

Component equation: The component equation is used to
describe the conservation of mass for each component. This is
expressed as the change in the mass of component a, which is
affected by convective transfer, diffusive transfer, and the reaction
source term. The component transport equations for the gas and
solid phases are as follows:

% (s6peYas) + V- (dgpytsYag) = ~Votgag +Tag (17)

%(“spsya.S) + V- (0spssYas) = —VleJgs +Tas (18)
where Y, and Y, denote the mass fractions of the ath component
in the gas and solid phases, respectively; J is the diffusion phase of
the component equation; and r,, and ros denote the chemical reac-
tion rates of the ath component in the gas and solid phases,
respectively.

Chemical reaction: Reaction (1) is an exothermic reaction that
mainly affects the temperature of the roaster. Therefore, the state
of reaction (1) is studied, and the Arrhenius formula is used to
express the reaction rate (r) as follows:

Nrea

r=kea | [ CoAH (19)
b=1
E
kiea = Aexp (— ﬁ) (20)

where Cp, AH, Ngea, keea, A, E, and R represent the concentration of
the bth reactant, reaction enthalpy, the number of reactant species,
rate constant, pre-exponential factor, chemical reaction activation
energy, and molar gas constant, respectively.

3.1.2. Model solution

After the partial differential equation (PDE) model of the roaster
has been established, calculations must be performed to obtain the
states of its internal physical fields. There are three main methods
for solving multiphysics field PDEs: fully coupled, separated, and
sequential solution methods. In the fully coupled solution method,
all the physical fields must be considered in each computational
step, forming a large set of equations for iterative computation.
Although the computational accuracy is high, the computational
amount is significant, and the model cannot easily converge under
working conditions in which the boundary conditions fluctuate.
However, in the actual process, feeding and blowing operations
are frequently performed, making this calculation method inappli-
cable. The separated solution method also considers all physical
fields in each computational step, except that each physical field
is separately computed and does not form a set of equations con-
taining all physical fields, simplifying the Jacobian matrix during
iterative computation. However, this method cannot easily
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converge. The sequential solution method solves the following
physical field based on the solution results of one physical field
after it converges, facilitating convergence of the model. Moreover,
according to the analysis of the coupling relationship between the
physical fields of the roaster, the flow, concentration, and temper-
ature fields satisfy the sequential influence relationship, so the
sequential solution method is applied to solve the model. The solu-
tion for each physical field is usually obtained by using spatial and
temporal discretization to obtain a recursive form of the PDE.
The temperature field is taken as an example to describe the
calculation process. Consider the physical field state as T = T(x, t),
which satisfies the following PDE:
pCpTe+V - (=kVT) =

g(T.x,t) in (21)

T(x,0) = To; —(kVT) -1 = q on 9Q (22)

where Cp, Ty, g(T, x, t), X, £, n, q, and 0L represent heat capacity, par-
tial derivative of temperature with respect to time, the heat source,
spatial location, the entire model domain, the unit normal vector
extending outward from the boundary, the heat exchange heat
source, and boundaries, respectively. By multiplying Eq. (21) by
the trial function ¢ and integrating over domain €, this equation
can be converted as follows:

/ [pCpTe + V - (=kVT)] pdV = /g(T,x, t)pdV (23)
JQ JQ

where V denotes volume. By applying the first Green’s formula, Eq.
(23) can be transformed as follows:

/(pCpT[qo+l<VT~Vq))dV+/ (=kVT) - nepdS
Q

0Q

- [ arxngav (24)
Q

The trial function ¢ € {l//hlﬁz, .

basis functions, which cover the entire calculation domain.  is the
spatial basis function. The basis functions satisfy the following
relationship:

,\pNspa} consists of Np, spatial

1,c=d

25
0,c#d (25)

Ve(Xa) = {

The entire physical field state can be represented by the spatial
basis functions and the corresponding time coefficients as follows:

Nspa
t) => Te(t)(x)
c=1
where T(t) denote the cth time coefficient. For each trial function
VYo c=1, ..., Ny, Eq. (24) can be expressed as follows:

Nspa

(26)

Nspa

/ 'pclbddv + Z Td(t
c=1
Nspa

+/;Q(fch(t)Vn//d-n)wddS=f/ (ZT

Eq. (27) is discretized in the time dimension using the differen-
tial approximation method as follows:

Tc(t)

(‘)TC

) /9 Ky, - VipdV

W X, t) v (27)

aT(t)
ot

T(t + At) —
At

(28)

Then, Eq. (27) can be converted as follows:
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) [ ke

Nspa

Nspa
> pC——————— / YehgdV + > Ti(t
c=1 c=1

ViV + /6 KT m)pads

T(t+At

Nspa

/ (ZT W, X, t)dv (29)
00 \

In Eq. (29), T{t+ At) needs to be solved, and the rest of the vari-

ables and parameters are known. The result of T (t+At) can be
used for the calculation in the next time step. In this way, accord-
ing to the initial and boundary conditions of Eq. (22), the solution
of Eq. (29) can be recursively obtained at any time t + At.

3.2. Initial field construction based on data assimilation

The high calculation cost of the CFD model makes it difficult to
apply in practice, so a reduced-order model is required. To achieve
accurate simulation of the roaster temperature field by the
reduced-order model, an accurate CFD model is needed to provide
the training dataset. The accuracy of the CFD simulation depends
on the initial conditions. Large simulation errors will accumulate
after iterative calculations if there is a deviation from the initial
physical field. However, only low-resolution initial physical fields
and sparse observation data can be obtained due to limited obser-
vations, making reconstruction of high-resolution initial physical
fields difficult. To solve this problem, the IFC-DA method is pro-
posed based on 3D variational data assimilation theory. This
method can interpolate sparse observations to grid points under
dynamic constraints to improve the accuracy of the initial physical
field. The framework of IFC-DA is shown in Fig. 4, and the specific
steps are as follows:

The initial observed temperature data y, € R"*™, where n’ rep-
resents the number of observation locations and m’ represents the
number of observation states, can be expressed as follows:

Yo =Hm(X:) + & (30)

where x; € R¥*™ represents the real physical field, Ny, represents
the number of model grids, and M represents the number of model
states. Hy,(+) is the observation operator, which converts the model
space to the observation space. ¢ is the observation error, which is
assumed to obey an unbiased Gaussian distribution, and E{¢}=0,
E{e" £}=B (where E{-} represents mean calculation and B denotes
the covariance matrix of ¢).

p(yest :yo‘XESt :Xr) :p(s =Y _Hm(xest))
1
~ /21
< exp{ = o~ Hi (5B~ i)
(31)

where X is estimation physical field and yes, is the estimation of
observation data. p(+) is the probability. The background field
xp € R™*™ is the calculation of the real physical field x,, where
Ngri<Ngri and m < M, and it can be expressed as follows:

Xp = Hi(x;) +{ (32)

where { is the background error and Hj(+) is the interpolation func-
tion, which interpolates the real physical field to the grids of the
background field so that both have the same resolution. Addition-
ally, assume that { obeys an unbiased Gaussian distribution and
that E{¢} = 0, E{¢" {} = O (where O denotes the covariance matrix
of {).
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Fig. 4. Framework of IFC-DA. All the variables are defined in the following text.

P(C =Xp — Hi(xest))
1

/270

X exp {— % [Hi(Xest) — Xb) 70" [Hi(Xest) — xb]} (33)

p(Xest = Xr)

By combining Eqgs. (31) and (33), the following can be obtained:

=V Xest =Xr)P (Xest =X
P(Xest = Xc|Vest = Yo) = Pbs y(;;l(;:tst:yzl;( K

— exp { o—Hm (Xest)] "B~ [Vo—Hm (Xest)| =3 [Hi (Xest)—xp] 0" [Hi (Xest)—Xu] }
n 2Mp(Yest=Yo)+/IBIIO]

Eq. (34) estimates the physical field when the observation data
are y, so that the obtained analytical field x, € R¥*™ is as close as
possible to the actual physical field x;. Since the observation data
are known, p(Vest=Yo), that is, the denominator of Eq. (34), is a
constant, and the log calculation of Eq. (34) can be obtained as
follows:

—In [p(XESt = Xl“yest = yo)} = %[yo - Hm(XeST)}TB71 D’o - Hm(XESt)}

+ 3 [Hi(Xest) — X5] O [Hi (Xest) — Xo] + I 2P (Vest = Yo)/IBI[O]
(35)

(34)

The third term on the right side of Eq. (35) is a constant. When
Eq. (35) reaches the minimum value, Eq. (34) reaches the maxi-
mum value. Therefore, the objective function J(x) can be defined
as follows:

J(Xest) = % (2 Hm(xest)]TBq Vo — Hm (Xest)]

£ 5 Hikest) — 3170 [Hiotet) — ) (36)

When the objective function reaches the minimum value, the
corresponding analysis field x, is obtained and introduced into
the model as the initial condition. The quasi-Newton and conjugate
gradient methods can be used to solve the optimization problem of
Eq. (36). However, the quasi-Newton method needs to calculate
the Hessian matrix in each iteration, and the multiphysics coupling
reaction atmosphere in the roaster makes the calculation compli-
cated. In contrast, the conjugate gradient method only requires
vector calculations and has a low computational complexity.
Therefore, the conjugate gradient method is applied to solve the
above optimization problem.
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3.3. High uniformity-orthogonal test design

The reduced-order model is a data-driven model whose predic-
tion performance for different operating conditions of the temper-
ature field depends on the completeness of the training dataset.
The temperature field of the roaster is affected by many factors,
such as the feed speed, blast speed, and components, and each fac-
tor has multiple operating levels, causing the roaster to have mul-
tiple working conditions. If a comprehensive simulation is
performed, the experimental cost will be high. The OTD method,
in contrast, has the characteristics of a uniform distribution and
unity comparability, which enables the test to fully reflect the
characteristics of the object while reducing the experimental cost,
and has been proven to be a cost-effective method for modeling
multiple working conditions [30]. The OTD method mainly
includes key factor selection, level selection, and orthogonal table
matching. First, for the roaster temperature field mechanism equa-
tion, the factors influencing the system state, such as the heat
transfer, chemical reaction, and heat source terms, are analyzed,
and ny¢ key influence factors are extracted. Then, based on the oper-
ating range of each factor, combined with the analysis of the mech-
anisms, the levels of each factor n.; (e = 1,..., ng) are obtained.
Finally, the corresponding orthogonal table is constructed accord-
ing to the number of factors n; and levels n;, and the operating
parameters of the typical working conditions are set based on this
table. After the above steps, the typical working conditions can be
obtained, and the required number of tests (No) is calculated as
follows:

ng
Nort = > My — g + 1 (37)

e=1
If the OTD method is not used and a comprehensive test is con-
ducted on ny levels and n; factors, the number of tests required
(Nap) is calculated as follows:

nf
Ny = H Me)
e=1

A comparison of Egs. (37) and (38) reveals that the OTD method
can reduce the number of tests from the exponential level to the
linear level, effectively reducing test costs.

However, the OTD method loses its uniform distribution prop-
erties when the unity comparability of the design is considered,
resulting in parameter settings that do not adequately cover the

(38)
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parameter ranges. Therefore, the centered L, deviation (D?) is
introduced to assess the uniformity of the experimental design,
which can reflect the uniformity of the orthogonal table under
low-dimensional projection and is calculated as follows:

DZ(PteS,K):fXZK(ut,vt)d(F —Fy)(u)d(F, — Fu) (v)

Ntes Mtes
Z ZK(Xt,hxm)

= f)(z K ut, vt)dutdvt
‘esi 1s=1
(39)

jyz K(u, xt,)dut+

where y = [0, 1] indicates that the test area is an s,s-dimensional
unit hypercube. P = {Xi1,. .., Xtn, } € R™ ™ represents the nes
test points in the test area, and Vuy, v; € Pis. Fp, and F, represent
the empirical and uniform distribution functions, respectively. K is
the kernel function and is calculated as follows:

1
14-
where u; and v are the elements of vectors u, and v, respectively.

By applying Eq. (40) to Eq. (39), the centered L, deviation can be cal-
culated as follows:

Stes

i

j=1

I((ut, Vt) utj - + -

2

%' UUD (40)

D?(Pies) = [(B)S‘“ - Z i (1+ 3% =3~ 3 e = 3°)
s (41)
Dby (LS CYR RS R )

where X, denotes the normalized element in the sth row and jth
column of the orthogonal table, x;; denotes the normalized
element in the ith row and jth column of the orthogonal table.
According to the properties of orthogonal tables, replacing the
levels of columns does not change the orthogonality but does
change the homogeneity. Based on this principle and the centered
L, deviation, the levels of the original orthogonal table columns
are replaced to obtain a more uniformly distributed experimental
design.

The following STPM is a data-driven reduced-order model
whose predictive capability under different working conditions
depends on whether the training dataset contains the characteris-
tics of different working conditions. The HU-OTD method is based
on the centered L, deviation metric to design the working condi-
tion parameters such that they more uniformly cover the ranges
under study so that the training dataset contains more characteris-
tics of different working conditions.

3.4. Spatial-temporal predictive model

Although the CFD full-dimensional model has high accuracy,
the high computational complexity makes it difficult to apply in
practice. Moreover, the observation methods are limited, and only
sparse data can be collected, making perception of the temperature
field of the roaster difficult. To solve these problems, an STPM is
proposed, in which a temporal dynamic model is employed to
characterize the temporal dynamics of the observation data and
a spatial distribution model is employed to characterize the spatial
distribution between the observation points and the temperature
field. By combining the accurate CFD model provided by the IFC-
DA method and the training dataset obtained by the HU-OTD
method, the reduced-order model STPM can be constructed, which
can achieve fast and accurate prediction of the temperature field
based on sparse observation data. The framework of STPM is
shown in Fig. 5, which consists of three parts: a temporal dynamic
model, a spatial distribution model, and joint spatial-temporal
learning.
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3.4.1. Temporal dynamic model

The temporal dynamic model is a part of the reduced-order
model and is used to describe the dynamic correlation of sparse
observation points, thereby realizing prediction of the state of
future sparse observation points. {u., y} represents the collected
data, where u, € R™" represents the system input, y € R™" rep-
resents the temperature sensor monitoring data, L represents the
sampling time, and n;, and ns, represent the system input and
sensor monitoring dimensions, respectively. The sensor prediction
output can be expressed as follows:

Yt +1) =f"(z(t) (42)
Z(t) = [uc(t), ..., uc(t —bn), Y(£), ..., Y(t — lour)] (43)
where f**™(-) represents the temporal dynamic model; y(t + 1) rep-

resents the temperature prediction value at time t+1; [, and Iy
represent the time delay labels of the input and output, respec-
tively; and z(t) represents the model input. To form a model train-
ing loss function unified with the subsequent spatial distribution
model, a neural network model is used to construct the temporal
dynamic model, and the expression is as follows:

e+ 1) = h(Wm 2(6) 4 B) oM 4 gem )

where w'™ is the weight of the connection of the input layer to the
hidden layer in the model, b*™ denotes the hidden-layer bias, v™
denotes the connection weight matrix of the hidden layer and the
output layer, "™ denotes the output-layer bias, and h(+) is the acti-
vation function. Therefore, Eq. (42) can be expressed as follows:

Y(E+1) =7 (2(8),8m) (45)

where {*™ =

and the loss function of the model (L*™) can be expressed as
follows:

T
{w‘e‘“, b, ptem Otem} denotes the model parameters,

L= y(t+1) -yt +1) ||§
= |+ 1)~ f (z(0).8M) |

The above objective function is related only to the model
parameters ™, and the optimal parameters can be obtained using
the gradient descent optimization method.

(46)

3.4.2. Spatial distribution model

The number of temperature sensors is finite, whereas the tem-
perature field is approximately infinite-dimensional. To recon-
struct the temperature field from the temperature observation
points, a spatial distribution model that maps the low-
dimensional temperature observations to the high-dimensional
temperature field must be established. Koopman theory proves
that a nonlinear system can be mapped to an infinite-
dimensional linear system through transformation of the system
state and that an infinite-dimensional linear system can be approx-
imated as a finite-dimensional system if a Koopman invariant sub-
space is found [31], which explains the reasonableness of the
construction of the spatial distribution model in this paper. The
spatial distribution model is a part of the reduced-order model
and is used to establish a mapping relationship between sparse
observation points and the entire temperature field so that the
entire temperature field can be reconstructed based on the tempo-
ral dynamic model prediction and that prediction of the entire
temperature field can be realized. The data, {u., y, Y}, are collected,
and the system inputs u. and temperature observation data y are
input into the temporal dynamic model to predict the observation
temperature y. Y € R™" denotes the temperature field, which can
be obtained from the CFD simulation, and ng. denotes physical
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field dimension. The spatial distribution model can be expressed as
follows:

Y(t+1)=f"@+1)) (47)
where f*P%(+) is the spatial distribution model, which is constructed
by a neural network model. Y(t + 1) denotes the prediction value of
the temperature field at time ¢+ 1. Considering the parameters in

the spatial distribution model, Eq. (47) can be transformed as
follows:

Y(t+1) = h(WP y(t+ 1)+ b™) . 0P 4 ¢ (48)

Similarly, ™ = [w*P3 b P2, OSPQ}T denotes the parameters of
the spatial distribution model. w*P? is the weight of the connection
of the input layer to the hidden layer in the model, b*® denotes the
hidden-layer bias, v°P* denotes the connection weight matrix of the
hidden layer and the output layer, and 6°** denotes the output-
layer bias. Eq. (47) can be expressed as follows:

Y(t+1)=fPE+1),0%) (49)

The loss function for the spatial distribution model (L*"®) can be
expressed as follows:

L2 = | Y(t+1) - Y(xt+1) |

. 2
=Y+ 1) =P (Ve +1).07) || (50)
Similarly, the objective function Eq. (50) is related only to the
spatial distribution model parameters ¢°", so the optimal parame-
ters of the spatial distribution model can be obtained via the gra-
dient descent method.

3.4.3. Joint spatial-temporal model learning

For the above models, the output of the temporal dynamic
model is used as input to the spatial distribution model, which
reconstructs the temperature field. To avoid separated learning
leading to local optimization of the temporal dynamic and spatial
distribution models under their respective learning tasks, which
does not lead to global optimization of the spatial-temporal model
parameters, these two models must be jointly optimized to obtain
the global optimal parameters. The joint learning objective func-
tion is as follows:
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CI tem spa
Ug}l{ga y- L™+ L

StLE™ = | y(t+ 1) — £ (z(t), ¢ |
[P = || Y(t+1) —fs"*’(?(ﬂr 1),65‘”) IIE

(51)

where y balances the relative contributions of the loss function
terms of the temporal dynamic and spatial distribution models.
The gradient descent method is applied to optimize Eq. (51). During
the optimization process, not only is the impact of parameters ¢*°*
on the overall model output considered, but also, parameters ¢*™
affect the output. The learning process can cause the spatial-
temporal model parameters to reach the global optimum.

4. Simulation experiment

To verify the advantages of the proposed method, simulation
experiments related to four aspects are set up: the CFD model val-
idation, data assimilation validation, typical working conditions
acquisition, and reduced-order model prediction.

CFD model validation: To verify the accuracy of the CFD model,
the steady-state and dynamic characteristics of the model and the
actual process at 15 observation positions are compared. The
steady-state characteristics are evaluated by the mean absolute
percentage error (MAPE) and relative error (RE), which are calcu-
lated as follows:

1 i |Yrea (X7 tf) - ysim(X7 tf)|

MAPE = X x 100% 52

Lsim = Vsim (X, tf) 52

RE:ysim(Xv tf) _yrea(x’ tf) « 100% (53)
Yret

where Yyea, Ysim, and tr(f= 1, ..., Lsim) represent the real value, sim-

ulation value, and simulation time, respectively. Ly, is total simula-
tion time. yor = 960 °C is the reference temperature that the roaster
works at. To verify the model dynamic characteristics, the Pearson
correlation coefficient (rp) is used for evaluation, which is calculated
as follows:

o= COV(Vpea (X, 1 : thim)7ySilTl(X7 fy: t’-sim))
P std(Veea (X, 1 : by, ) X StAVgim (X, E1 = try,,))

(54)
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Data assimilation validation: To verify that the proposed
method can obtain a more accurate initial physical field, the accu-
racies of the low-resolution initial physical field and the recon-
structed physical field after data assimilation are compared and
evaluated via the root-mean-square error (RMSE), which is calcu-
lated as follows:

N,
1 gri
RMSE = N_ Z D’sim(xl/s tO) _yrec(XU7 to)]z (55)
g y=1
where yree, X, (v =1, ..., Ngi), and to represent the reconstructed
value, spatial position of the vth sensor, and initial time,
respectively.

Typical working conditions acquisition: To verify the advan-
tages of the proposed method in the acquisition of typical working
conditions, the information coverages of the test design before and
after improvement are compared and evaluated via the informa-
tion entropy (H.), which is calculated as follows:

Nort

He = p,Inp,/InNox

w=1

(56)

where p,, denotes the corresponding factor and level test
probability.

The calculation of the information entropy metric relies on sim-
ulation data under each working condition parameter, which has a
high calculation cost. In contrast, the centered L, deviation metric
only requires the design of the operating condition parameters,
avoiding unnecessary CFD simulations. Therefore, the centered L,
deviation metric is used in the design phase of the design condition
parameters, whereas the information entropy metric is used in the
validation phase to assess the information content of the dataset.

Reduced-order model prediction: To verify the accuracy and
computational efficiency of the reduced-order model, experiments
are set up in terms of the prediction performance and extrapola-
tion prediction performance. In the prediction performance exper-
iment, CFD simulations and reduced-order model predictions are
compared and evaluated based on the calculation time, RMSE,
and MAPE. The extrapolation prediction performance experiment
is conducted for unmodeled conditions, in which CFD simulations
and reduced-order model predictions are compared and evaluated
via RMSE and MAPE.

4.1. CFD model validation

CFD technology is applied to simulate the reaction atmosphere
inside the roaster through five steps: geometric model construc-
tion, mesh generation, model parameterization, model solution,
and model validation. Through comparison with the actual data,
the MAPE and r, of the simulations are calculated to validate the
steady-state and dynamic characteristics of the model, respec-
tively. The modeling steps are as follows.

4.1.1. Geometric model construction

According to the actual roaster geometry, as shown in Table 1,
the geometric shape of the simulation model is constructed as
shown in Fig. 6, where zinc concentrate is thrown in by the ore
input, and air is blown in by the air input to form a fluidized reac-
tion environment inside the reactor. After the reaction, the zinc
calcine and flue gas are discharged from the calcine and flue gas
outputs, respectively. Fifteen temperature sensors are installed
on the roaster wall, which are divided into top, middle, and bottom
layers according to height, and each layer includes five tempera-
ture sensors, that is, A, B, C, D, and E, as shown in Fig. 6. The sensor
coordinates are summarized in Table 1.
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Table 1
Fluidized bed roaster geometry.

Description Geometric dimensions
Ore input surface area 0.28 m?
Air input surface area 0.66 m?
Flue gas output surface area 18.00 m?
Calcine output surface area 1.00 m?
Ry 9.56 m
Ry 6.93 m
H, 4.86 m
H, 10.93 m
Hs 729 m
H, 5.67 m
Hs 537 m
Top layer y=5.0m
Middle layer y=25m
Bottom layer y=0m

=-4.5m,z=-45m
x=-2.0m,z=55m
x=2.0m,z=55m
x=6.0m,z=0m
x=4.5m,z=-45m

mognN® >

4.1.2. Mesh generation

For the CFD calculation, the calculation domain needs to be
meshed. Since the shape of the roaster is a nonstandard geometry,
the reaction is relatively violent near the feed input and gentle near
the output. The free tetrahedral meshing method can be used to
divide the mesh size according to the calculation requirements
and is suitable for irregular geometries, with a low computational
complexity. Therefore, this method is used for meshing in this
study.

Theoretically, a smaller mesh size means a higher computa-
tional accuracy but increases the rounding error and computa-
tional resources. To reasonably perform the meshing, mesh
independence verification is needed to verify that the simulation
results can converge under different meshing conditions. There-
fore, four meshing conditions of 42000, 84000, 139000, and
195000 meshes are set up, as shown in Figs. 7(a)-(d). The simula-
tion results of 15 temperature sensors under these four meshing
conditions are compared, as shown in Fig. 7(e). The results for
42 000 meshes significantly deviate, whereas the results for the
other three meshes are similar. Considering the model accuracy
and computational complexity, the division method of 139000
meshes is selected.

4.1.3. Model parameterization

To simulate the reaction atmosphere of the roaster, the bound-
ary conditions must be set according to its actual operation, which
include air and ore input boundary conditions. The feed compo-
nents and speed affect the ore input boundary conditions, and
three different feed components are considered, as shown in
Table 2. For the steady-state simulation, the feed speed is
37.35 t-h™', and the blast speed is 63 266.46 m3-h~' for 100 min.
For the dynamic simulation, the feed and blast speeds are
43.29 t-h™! and 63 555.93 m3-h~! at 0-100 min, respectively, and
the slopes change to 41.87 t-h™! and 67 736.91 m>h~! at 100-
200 min and then remain unchanged at 200-300 min.

4.1.4. Model solution

After the model structure and parameters are specified, the
model is solved by the sequential solution method, which is imple-
mented using the transient solver in COMSOL Multiphysics. The
solution step size, output step size, relative tolerance of the solu-
tion, and solution time for steady-state and dynamic verification
are set as 0.01 min, 0.1 min, 0.05, 100 min, and 300 min,
respectively.
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Table 2
Feed component test results.
Component Content (%)
Zn Fe Pb Sio, S Cu
1 46.04 11.51 1.27 1.88 29.83 0.61
2 47.67 9.32 1.28 1.93 29.33 0.79
3 49.43 8.05 1.75 2.67 31.23 0.91
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4.1.5. Model validation

To verify the accuracy of the CFD model, real and simulation
data at 15 observation locations are compared in terms of both
steady-state and dynamic characteristics. Steady-state characteris-
tics verification considers three different components and uses
MAPE and RE for evaluation. Dynamic characteristics verification
considers only component 1 and adopts r,, for evaluation. The ver-
ification results are as follows.

Steady-state characteristics verification: Figs. 8(a)-(c) show
the RE between the simulation and the actual value for component
1. The REs at positions A, B, and D remain within [-0.01%, 0.02%],
indicating a good steady-state fitting effect, whereas the deviations
at positions C and E are slightly larger. The main reason is that the
model assumes that the roaster is a regular reactor, but owing to
the aging of the roaster body and the sintering fault, the ore is
enriched in some locations, resulting in higher temperatures. To
reflect the generalization performance of the model simulation,
the MAPEs under three different components are calculated, as
shown in Fig. 8(d), and they are all maintained under 7%. Therefore,
the constructed CFD model has good steady-state simulation per-
formance and can accurately simulate the steady-state characteris-
tics of the roaster under different components.

Dynamic characteristics verification: Fig. 9 shows the
dynamic verification of the model. The simulation and actual
curves are in good agreement, and both have a downward trend
at 150 min. The main reason is that the feed and blast speed slopes
change at 100-200 min. A greater wind speed results in more heat
being removed, and a reduced feed speed will lower the reaction
heat, decreasing the temperature. To quantify the dynamic simula-
tion effect of the model, the r, values of the simulation are calcu-
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constructed model can simulate the dynamic influence of feed
and blast on the temperature field well and has good dynamic sim-
ulation performance.

4.2. Data assimilation validation

The initial physical field affects the accuracy of the CFD simula-
tion. Minor initial errors will lead to large simulation deviations
after multiple iterations. Traditional methods usually obtain low-
resolution initial physical fields through benchmark models, which
are inconsistent with actual sparse observations. To solve this
problem, this paper proposes an IFC-DA method. The experiment
used to verify the accuracy of the reconstructed initial field is
designed as follows:

(1) Data collection: The data include mainly sparse observation
data and a low-resolution background field. The sparse observation
data are categorized into four cases: 64 x 12,32 x 6,21 x 4,16 x 3,
and the sparse data are uniformly distributed in the temperature
field, as shown in Fig. 10(a). The background field dimensions are
320 x 60, and the resolution is 0.1 m x 0.1 m, as shown in
Fig. 10(b).

(2) 3D variational data assimilation: Based on the low-
resolution background field and sparse observation data, the objec-
tive function shown in Eq. (36) is constructed, and the recon-
structed physical field is obtained through optimization and
uniform filtering.

(3) Evaluation of the reconstructed initial field accuracy: The
RMSEs between the real physical field and background field, as
well as between the real physical field and the reconstructed phys-
ical field, are calculated and compared. The real physical field

lated, and the average value exceeds 0.9. Therefore, the dimensions are 640 x 120, and the resolution is 0.05 m x 0.05 m.
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Fig. 8. Verification of the steady-state characteristics of the model. (a-c) Model simulation deviations in the (a) top, (b) middle, and (c) bottom layers for component 1.

(d) Model steady-state simulation effect.
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Fig. 10. Initial physical field reconstruction effect. (a) Real physical field (0.05 m x 0.05 m). (b) Low-resolution background field (0.1 m x 0.1 m). (c-f) Reconstruction of the
physical field based on (c) 64 x 12, (d) 32 x 6, (e) 21 x 4, and (f) 16 x 3 sparse data (0.05 m x 0.05 m).

The low-resolution background field reaches the same resolution Figs. 10(a) and (b) reveal that the details of the background field
as the real physical field through linear interpolation for are not accurate. The main reason is that the preliminary simula-
comparison. tion can be carried out only based on low-resolution meshes, so

Fig. 10 shows the effect of the proposed method on data assim- the marginal details of the temperature field cannot be fully
ilation. A comparison of the contents of the red dotted circles in reflected. Figs. 10(c)-(f) show the temperature field after data
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assimilation. Through the correction of sparse data, the tempera-
ture field can be reconstructed with a higher accuracy based on
the background field, and its detailed characteristics can be
reflected. The RMSEs are calculated to quantify the data assimila-
tion effect. As the amount of sparse data increases, RMSE gradually
decreases. When the sparse data reach dimensions of 32 x 6, the
RMSE no longer decreases. The main reason is that although more
sparse data can provide more accurate information for data assim-
ilation such that the reconstructed temperature field will be more
precise, the information provided by 32 x 6 dimension sparse data
reaches the upper limit, and the addition of more sparse data can-
not significantly improve the reconstruction effect. However, gen-
erally, the accuracy of the temperature field after data assimilation
is better than that of the low-resolution background field.

4.3. Typical working condition acquisition

There are many working conditions in the temperature field of
the roaster, and comprehensive CFD simulations are costly. The
traditional OTD method does not adequately cover the parameter
ranges. To reduce simulation costs and cover the ranges, this paper
proposes an HU-OTD method. The experiment used to verify the
advantages of the proposed method in the acquisition of typical
working conditions is designed as follows:

(1) OTD: The temperature field of the roaster is affected mainly
by the components (zinc content), feed speed, and blast speed,
which are in the ranges of 45%-50%, 35-40 t-h™!, and 6 x 10%*-
7 x 10* m3-h~'. Each factor is divided into three levels, and the test
is designed using the Lo(3*) orthogonal table.

(2) Introduction of the centered L, deviation for improvement:
Based on the table, the levels of columns are replaced by minimiz-
ing Eq. (41) to design working condition parameters with high
uniformity.

(3) Evaluation of the amount of working condition information:
The temperatures at four locations in the roaster center, that
is, (-2.5, 5.0, -2.0), (2.5, 5.0, -2.0), (-2.5, 5.0, 2.0), and (2.5, 5.0,
2.0), are used to calculate H, to evaluate the amount of working
condition information.

Table 3 shows the effectiveness of the proposed method in
obtaining typical working conditions data. The difference between
the HU-OTD and OTD methods is the replacement of 35 and 40
levels of the feed speed factor, but the corresponding centered L,
deviation is reduced from 0.03319 to 0.03303, which indicates that
the proposed method can design parameters that are more uni-
formly distributed. To precisely quantify the amount of informa-

Table 3
Comparison of test designs.
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tion contained in the designed conditions, the values of H. of the
working conditions data are calculated. The H, of HU-OTD is signif-
icantly greater than that of OTD, and it is increased by 6% or more
(Table 4); thus, the working condition parameters set by the HU-
OTD method can more fully cover the parameter ranges, and the
typical working conditions data obtained at the same test cost con-
tain more information.

4.4. Reduced-order model prediction

Although the full-dimensional CFD model can comprehensively
and accurately describe the temperature field in the roaster, this
model has a high computational complexity and is difficult to
apply in practice. To solve this problem, an STPM is proposed,
which can quickly and accurately predict the temperature field
based on sparse observation data. To verify the accuracy and com-
putational efficiency of STPM, prediction experiments are set up.
First, STPM is obtained using the joint learning framework through
the acquired typical working condition data. Then, STPM is used to
predict the test data of the modeled working conditions and is
compared with CFD simulations to determine the accuracy and cal-
culation efficiency of the model. Finally, STPM is used to predict
unmodeled working condition data and is compared with the
CFD model to show that the model also has a good extrapolation
prediction effect for unmodeled conditions.

4.4.1. Predictive model development

STPM construction includes two steps: dataset construction and
joint spatial-temporal learning.

(1) Dataset construction: According to the nine working condi-
tions set based on the HU-OTD method in Table 3, each working
condition is simulated for 101 min, and the sampling interval is
1 min. A total of 909 datasets are obtained. The 15-dimensional
temperature observation data and working condition parameters
at the current time and the 125-dimensional temperature field
state inside the roaster at the next time constitute the data pairs,
with a total of 900 data pairs, of which 70% (630 pairs) are ran-
domly selected as the training data. All the data pairs are used as
the test data.

(2) Joint spatial-temporal learning: To address the problem that
the separated learning method will make the model parameters
locally optimal, the optimal parameters of STPM are obtained via
the joint learning method. First, the temporal dynamic and spatial
distribution model structures are set up according to the tempera-
ture observations and field dimensions. Then, the two sub-models

Method Condition  Zn content (%) Feed speed (t-h™') Blast speed (m3>h™')  Temperature (°C)
(-2.5,5.0,-2.0)  (25,50,-2.0)  (-2.5,5.0,2.0)  (2.5,5.0,2.0)

OTD 1 45.00 35.00 60000 996.2318 995.9756 995.5182 994.8459
2 45.00 40.00 65000 992.6284 992.4662 991.9648 991.6991
3 45.00 45.00 70000 993.6535 993.1024 993.0029 992.1115
4 47.50 35.00 65000 991.6736 991.5238 991.0611 990.8158
5 47.50 40.00 70000 992.5126 992.0251 991.9202 991.1371
6 47.50 45.00 60000 1002.5561 1002.2147 1001.5472 1000.6452
7 50.00 35.00 70000 991.3829 990.9345 990.8369 990.1165
8 50.00 40.00 60000 1000.4215 1000.1012 999.4731 998.6265
9 50.00 45.00 65000 996.6403 996.4364 995.8164 995.4823

HU-OTD 1 45.00 40.00 60000 998.9809 998.6924 998.1322 997.3751
2 45.00 35.00 65000 991.2349 991.0942 990.6550 990.4232
3 45.00 45.00 70000 993.9101 993.5969 993.2274 992.7357
4 47.50 40.00 65000 993.4673 993.2962 992.7673 992.4871
5 47.50 35.00 70000 990.7670 990.5106 990.2080 989.8055
6 47.50 45.00 60000 1002.6891 1002.3492 1001.6810 1000.7804
7 50.00 40.00 70000 993.6140 993.3049 992.9405 992.4553
8 50.00 30.00 60000 997.8133 997.5343 996.9902 996.2550
9 50.00 45.00 65000 996.4249 996.2217 995.5909 995.2581
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Table 4
Comparison of the H, of temperatures at the four locations.
Method H.
(-2.5, 5.0, -2.0) (2.5, 5.0, -2.0) (-2.5, 5.0, 2.0) (2.5, 5.0, 2.0)
OTD 0.7802 0.7935 0.7764 0.8011
HU-OTD 0.8416 0.8453 0.8408 0.8499
Table 5
STPM extrapolation prediction performance.
Condition Zn content (%) Feed speed (t-h™") Blast speed (m3-h™!) RMSE MAPE (%)
1 45.0 40 67500 0.0970 0.0078
2 47.5 37 65000 0.0353 0.0023
3 49.0 35 70000 0.0410 0.0032
4 49.0 37 67500 0.1089 0.0095

are pre-trained to obtain the initial parameters. Finally, the two
sub-models are jointly optimized. The neural networks are trained
using the Adam solver with a learning rate of 0.01, 10000 pre-
training iterations, and 5000 joint training iterations.

4.4.2. Prediction performance

To verify the prediction performance of STPM, a prediction per-
formance experiment is conducted. The 15-dimensional tempera-
ture observation data and working condition parameters at the
current time are input into STPM to predict the temperature field
of the roaster at the next time and to predict 100 steps in sequence.
The predicted and simulated temperature fields are compared in
terms of RMSE, MAPE, and the calculation time.

Compared with the simulation results of the CFD model, RMSE
and MAPE are maintained at a low level, indicating that STPM has
good prediction performance, and STPM only needs a 0.1176 s pre-
diction time, which is much shorter than the 4020 s prediction
time of the CFD model. The main reason is that the typical working
conditions data obtained by the HU-OTD method contain the oper-
ating characteristics of the temperature field of the roaster, and
STPM learns the distribution and dynamic characteristics through
the spatial distribution and temporal dynamic models, respec-
tively. The joint learning method is used to optimize the overall
model parameters, which can characterize the operating character-
istics of the roaster temperature field well. In addition, the iterative
learning process with a high computational complexity is com-
pleted in the offline stage. Only simple neural network derivation
calculations are required in the online stage, which only requires
a short prediction time. Therefore, the proposed STPM can signifi-
cantly reduce the calculation time required for online prediction
with high accuracy, and the calculation efficiency is improved by
3.4184 x 10* times.

4.4.3. Extrapolation prediction performance

To verify the extrapolation prediction performance of STPM, an
extrapolation prediction effect experiment is set up, and four
working conditions that are not in HU-OTD are set, as shown in
Table 5. The predictions of STPM and the CFD model are compared
and evaluated via RMSE and MAPE.

Table 5 summarizes the extrapolation prediction effect of STPM.
Although STPM does not learn the data characteristics of the
extrapolation working conditions during the training process, it
still has good prediction performance. The main reason is that
these extrapolation working condition parameters are within the
studied parameter ranges, and the working condition parameters
designed by HU-OTD can fully cover the ranges. In addition, STPM
is constructed by neural networks with a certain extrapolation per-
formance, so it also has good prediction performance for unmod-
eled conditions. Compared with the modeled conditions, STPM
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predicts the unmodeled conditions with maximum reductions of
0.0709 in RMSE and 0.0070% in MAPE, maintaining a high predic-
tion accuracy. Therefore, the proposed STPM can be concluded to
also have good extrapolation prediction performance for unmod-
eled conditions.

5. Conclusions

The zinc fluidized bed roaster is a typical process manufacturing
system, and its internal temperature field information is essential.
However, realizing real-time and accurate perception of the tem-
perature field is difficult because of limited sensing methods and
complex coupled reaction atmospheres. To solve this problem, a
STROM is proposed in this paper. First, to address the problem that
the initial physical field and sparse observation data are difficult to
match, an IFC-DA method is proposed to realize reconstruction of
the high-resolution initial physical field. To address the high cost
of comprehensive CFD simulations of multiple working conditions,
an HU-OTD method in which the centered L, deviation is intro-
duced is proposed, which achieves full coverage of the parameter
ranges. Finally, to address the difficulty of real-time accurate per-
ception of the temperature field, an STPM is proposed. Extensive
experiments show that the proposed method has three major
advantages: (D High-precision and high-resolution model initial
conditions are reconstructed based on sparse observations and a
low-resolution background field; @ tests can be designed so that
the condition characteristics adequately cover the parameter
ranges at a small simulation cost; and @ the accuracy of tempera-
ture field perception can be guaranteed while the simulation com-
putation efficiency can be greatly improved. However, the
performance of STPM depends on data quality, and the model out-
put does not fully meet the physical constraints. In future research,
it is necessary to integrate the mechanism knowledge in CFD into
the model framework to improve the prediction performance.
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