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Abstract

Biomass fluidized bed gasifier (BFBG) is core equipment for producing sustainable syngas, which is one of the alternatives to replace fossil
fuels in producing green fuels or chemicals. Multiscale simulations provide powerful tools to reveal the biomass gasification behaviors in
fluidized bed reactors, thereby supporting the design, optimization, and scaling-up of BFBG. This paper systematically reviews sub-models
(molecular-scale, particle-scale, and meso-scale models) and reactor-scale models for the multiscale simulation of the BFBG. First, the ad-
vantages and disadvantages of various drying models, pyrolysis kinetics, and char gasification models at the molecular scale are discussed. The
particle-scale models (i.e., zero-dimensional, corrected zero-dimensional, interface-based, and two-/three-dimensional models) are analyzed in
terms of their accuracy and computational demands. The development of meso-scale models is also addressed. Additionally, machine learning
methods used to assist in developing sub-models across different scales are summarized. Then, from the perspective of multiscale coupling
between models at various scales, the strengths and limitations of reactor-scale models for multiscale simulation of the BFBG are analyzed.
Finally, the conclusions of this review and perspectives for future research, which aim to develop fast, reliable, and efficient models for the
multiscale simulation of the BFBG, are presented.
© 2026 Institute of Process Engineering, Chinese Academy of Sciences. Publishing services by Elsevier B.V. on behalf of KeAi Communi-
cations Co. Ltd. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction be further used to produce green fuels or chemicals [6—8]. Due

to its excellent performance in heat and mass transfer, mixing,

As a carbon-neutral and renewable energy source with
abundant availability, biomass is considered one of the alter-
natives to substitute for fossil fuels to reduce CO, emissions
[1-4]. The main technologies for converting large quantities of
biomass into bioenergy are thermochemical conversion pro-
cesses, such as pyrolysis, gasification, and combustion [5].
Among these, gasification is an important route for converting
biomass into high-value-added sustainable syngas, which can

* Corresponding author.
E-mail addresses: luohaohg @hnu.edu.cn, haoluo@wust.edu.cn (H. Luo).
Peer review under the responsibility of Editorial Board of Green Energy &
Environment

https://doi.org/10.1016/j.gee.2026.07.003

fuel flexibility, and scalability, the fluidized bed has become
one of the mainstream reactors for biomass gasification [9-
11]. However, the biomass fluidized bed gasifier (BFBG) is a
multiscale complex system characterized by the coexistence of
multiple phases and components, as well as strong nonlinear
coupling among hydrodynamics, external heat and mass
transport, intra-particle transport, and complex gasification
reactions [12,13]. In addition, biomass feedstocks vary
significantly in size, density, porosity, and chemical compo-
sition, which exert significant effects on the performance of
BFBG [14]. Thus, the design, optimization, and scale-up of
fluidized bed gasifiers via experimental methods are not only
time-consuming but also costly. Therefore, it is essential to
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develop efficient and reliable models for the BFBG to support
their design, optimization, and scale-up, thereby achieving
high-efficiency utilization of biomass feedstocks [9].

As illustrated in Fig. 1, BFBG involves multiscale physical
phenomena that span a broad range of spatial and temporal
scales [12]. At the molecular scale, the thermochemical con-
version of biomass into syngas entails a series of consecutive
or parallel reactions (e.g., primary pyrolysis, secondary py-
rolysis, tar oxidation and cracking, and char gasification),
which take place at spatial and temporal scales of nanometers
and nanoseconds, respectively [15]. At the particle scale,
temperature, concentration, and conversion gradients induced
by intra-particle heat and mass transfer are observed within the
particles [16]. This is because biomass feedstocks are typically
millimeter-scale porous particles, whose size is constrained by
the energy consumption associated with the crushing process
[17]. At the meso-scale, complex interactions between
biomass particles, bed materials, and gas lead to the formation
of meso-scale structures (such as particle agglomerates and
bubbles). These structures significantly affect the external heat
and mass transfer processes between biomass particles and
their surrounding environment [18], thereby indirectly influ-
encing intra-particle heat and mass transfer as well as re-
actions at both the particle and molecular scales. At the reactor
scale, the boundary conditions of the BFBG are determined by
its operating parameters and geometric configurations, and the
flow and mixing behaviors of gas, bed materials, and biomass
particles can vary substantially within the reactor [I1].
Therefore, the overall performance of the BFBG is dominated
by the multiscale coupling chain of "flow-external heat and
mass transport(meso-scale)-intra-particle transport (particle
scale)-reactions (molecular-scale)". Accordingly, a multiscale
model is indispensable to efficiently and reliably facilitate the
design, optimization, and scale-up of the BFBG.

Given the significant disparities in spatial and temporal
scales across different levels, directly integrating these models
requires a time-step size and mesh size smaller than those of
the smallest resolved scale in the simulation, resulting in

dramatically increased computational demand [15,19,20].
Consequently, some simplifications have been made to
improve the efficiency of the model while attempting to
maintain its reliability. Fig. 2 lists the mainstream models for
the multiscale simulation of the BFBG based on their resolved
resolution and computational demands. Both the Eulerian-
Lagrangian (E-L) approach and Eulerian multi-fluid model
(MFM) solve the governing equations for mass, momentum,
heat, and species transport of different phases [13]. The dif-
ference lies in that the E-L approach tracks each individual
particles or parcels, while the MFM treats solid phases as
continuous phases [13]. Thus, the spatial and temporal evo-
Iution of each individual particle (such as residence time,
particle collisions, and particle shape) can be more easily
obtained via the E-L approaches [21], which involves higher
computational demand compared to the MFM [13]. Unlike the
CFD-DEM and MFM, the computational fluid dynamics-
chemical reactor network (CFD-CRN) model does not directly
solve the detailed governing equations. Instead, its topological
structure and parameters are derived from detailed information
obtained from CFD simulations [22-24]. This model is rela-
tively new and is expected to be a promising approach for the
multiscale simulation of the BFBG in terms of both accuracy
and efficiency [25-27]. In contrast to the CFD-CRN model,
the CRN model uses empirical correlations to determine its
topological structure and parameters, making it commonly
applicable for simulating bubbling BFBG [28-31]. The ther-
modynamic equilibrium and kinetic (EK) models assume that
the biomass gasification process occurs sequentially in the
BFBG (i.e., drying, pyrolysis, bio-tar cracking, char gasifica-
tion, and gas phase oxidation and reduction reactions) [32].
The impact of fluid dynamics is usually ignored, and a series
of thermodynamic and kinetic modules in process simulators
are employed to describe the biomass gasification process.
Due to its simplicity, the EK model has been widely used to
obtain global performance [33-35]. Data-driven surrogate
(DS) models learn the implicit nonlinear multiple input—output
mappings from high-quality experimental datasets [36] or
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Fig. 1. Multiscale physical-chemical processes inside the BFBG.
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precomputed high-fidelity simulations of the BFBG [37]. They
predict the key performance of a BFBG (such as syngas spe-
cies composition, gasification efficiency, and char conversion),
thereby attracting considerable attention in recent years [38].
Although numerous models have been extensively employed
to investigate the biomass gasification behavior in the BFBG,
previous literature reviews usually focus on only one of these
models and fail to highlight the importance of multiscale
coupling of sub-models at different scales [9,19,32,39].
Therefore, it is essential to review the state-of-the-art research
on the multiscale simulation of BFBGs and point out its future
directions.

The purpose of this review is to summarize the recent
progress in the multiscale simulation of the BFBG. First, the
recent developments of sub-models for the multiscale simu-
lation of the BFBG are reviewed. Then, the multiscale
coupling of sub-models in reactor-scale simulation of the
BFBG is discussed. Finally, conclusions and perspectives on
the development of efficient and reliable multiscale simulation
models for the BFBG are provided.

2. Sub-models for multiscale simulation of the BFBG

Multiscale simulation of the BFBG requires the imple-
mentation of sub-models ranging from the molecular scale to
the meso-scale within the reactor-scale model. These sub-
models exert significant effects on the modeling results [9,43—
45], thus, the recent developments of sub-models for the
multiscale simulation of the BFBG are reviewed in this
section.

2.1. Molecular-scale model

As shown in Fig. 3, the gasification process of raw biomass
to gas products can be divided into the following sequential
processes: drying, pyrolysis, char gasification, and homoge-
neous reactions (i.e., bio-tar cracking, gas-phase oxidation and
reduction reactions). Among those reactions, drying, pyroly-
sis, and char gasification are heterogeneous processes. The net
rate depends not only on the operating conditions but also on
the physical properties of biomass feedstocks [9], resulting in
significantly different models adopted in the literature. Thus,
the molecular-scale models for drying, pyrolysis, and gasifi-
cation are discussed in the following sections.
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Fig. 3. Gasification process of raw biomass to gas products.
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2.1.1. Drying model

Drying is an endothermic process in which bound water or
free liquid water within porous biomass is evaporated upon
heat supply. The net drying rate is dominated by heat transfer
when the temperature exceeds the boiling point, whereas it is
limited by external mass transfer under low-temperature
conditions [19]. The heat flux model, the equilibrium model,
and the kinetic model are the most widely used drying models
in multiscale simulations of the BFBG.

The heat flux model assumes that water evaporation oc-
curs only at the boiling temperature, and that the heat
transferred to a representative volume equals the evaporation
enthalpy of the released moisture. Since this model is inde-
pendent of the physical properties of biomass particles and
can be easily implemented in numerical codes, it has been
extensively applied in particle-scale simulations [46—49].
However, a key drawback is that the net moisture evaporation
rate is expressed as a step function, which may introduce
numerical instabilities [19]. Furthermore, the model typically
assumes a constant boiling temperature of 373.15 K, even
though rapid moisture release can lead to pressures signifi-
cantly above atmospheric pressure [47,49,50]. Therefore, the
boiling temperature should be modified according to local
conditions [48]. In addition, the model presumes a zero
drying rate below the boiling point, thereby underestimating
moisture removal at low temperatures. Owing to these limi-
tations, the model is seldom used in reactor-scale simulations
of BFBG [51,52].

The equilibrium model assumes that thermodynamic
equilibrium is established between the liquid moisture inside
biomass particles and water vapor in the gas phase [53]. The
driving force for drying is the difference between the equi-
librium moisture concentration and the vapor-phase concen-
tration [47]. Although the model was initially developed to
describe drying under low-temperature conditions [54], it has
been widely adopted for both particle-scale and reactor-scale
simulations of biomass gasification [55-59].

In contrast to the heat flux and equilibrium models, which
are derived from heat- and mass-transfer mechanisms, the
kinetic model represents the drying process using a first-order
Arrhenius expression [60]. Benefiting from its straightforward
implementation and numerical stability [19], this model has
been extensively employed in biomass gasification simulations
[61-65], particularly in reactor-scale CFD simulations of
BFBG [66—68]. Its main limitation is that the pre-exponential
factor and activation energy must be adjusted according to the
physical properties of biomass particles and operating condi-
tions [47]. Maziarka et al. [49] evaluated various Kkinetic
models for simulating the pyrolysis of thermally thick biomass
particles, and found that the kinetic parameters proposed by
Gentile et al. [69] yielded the best agreement with the
experimental data of Lu et al. [56].

Although all three models have been applied in biomass
gasification simulations and can provide reasonable pre-
dictions of the drying process [19], the kinetic model remains

the most preferred choice for multiscale simulations of BFBG
due to its simplicity [66—68].

2.1.2. Pyrolysis kinetic model

Pyrolysis kinetic model is widely adopted to predict the
pyrolysis rate and the yields of gas, tar, and char in multiscale
simulations of the BFBG [70-72]. The actual chemistry un-
derlying biomass pyrolysis is believed to involve thousands or
even millions of elementary reactions, so a complete mecha-
nistic understanding remains elusive, and no detailed
elementary reaction networks have been established in the
literature [12,73]. On the other hand, from an engineering
perspective, the primary focus is placed on the overall pyrol-
ysis rate and the main distribution of pyrolysis products [9].
For this reason, lumped pyrolysis kinetics remains the domi-
nant approach used in the multiscale simulation of the BFBG.
The typical kinetic schemes for describing biomass pyrolysis
are summarized in Fig. 4.

2.1.2.1. Scheme A: one-step global kinetics. The one-step
global kinetics assumes that biomass undergoes direct con-
version to char and gases, as shown in Fig. 4 (a). This is the
most simplified scheme adopted by many researchers in both
particle-scale and reactor-scale simulations, since its kinetic
parameters (i.e., pre-exponential factor, activation energy, and
reaction order in the Arrhenius equation) can be easily fitted
from experiments and its computational cost is relatively low
[19]. However, since the physical properties of biomass and
operating conditions exert significant effects on pyrolysis
processes, the parameters of Scheme A vary considerably in
the literature, as summarized by Luo et al. [75], making it
difficult to select appropriate kinetic parameters for the mul-
tiscale simulation of the BFBG. To improve the adaptability of
kinetic parameters to diverse biomass feedstocks and variable
operating conditions, Xing et al. [76] proposed a ML-
enhanced one-step global kinetics. Balsora et al. [77] adopted
a similar strategy, with model input features derived from
elemental analysis, proximate analysis, and macroscopic
component quantification (i.e., cellulose, hemicellulose,
lignin, and extractives). Xiao et al. [78] systematically evalu-
ated the influences of input feature selection on the predictive
accuracy of ML-based kinetic prediction and verified that
taking cellulose, hemicellulose, and lignin contents as neural
network input variables yields superior prediction perfor-
mance for the activation energy of biomass pyrolysis. The
general workflow for ML-based kinetic parameter calibration
of biomass pyrolysis is illustrated in Fig. 5. First, biomass
feedstocks are comprehensively characterized via standard
analysis methods to determine their macroscopic component
contents, as well as the proportions of moisture, volatiles,
fixed carbon, and ash, together with elemental composition
data. Experiments or detailed modellings are adopted to obtain
the mass loss history or reaction rate under various operating
conditions with various biomass feedstocks [78—84]. The ac-
quired temporal mass loss and reaction rate data are then
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Reprinted with permission from Ref. [74]. Copyright (2022) Elsevier.
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processed to calculate the corresponding kinetic parameters,
which are further compiled into a standardized dataset with
clearly defined input-output variable pairs. Third, the con-
structed dataset is employed to train and optimize a high-
performance ML model [83]. The well-trained ML model is

implemented to predict the kinetic parameters for biomass
pyrolysis reactions [76]. Despite the merits of ML-assisted
one-step global kinetics enabling parameter adaptability to
various biomass feedstocks and operating conditions, the
Scheme A is still oversimplified in most cases. Not only does
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it rely on additional empirical correlations to determine the
split ratio of gases to char, but it also fails to provide detailed
information regarding the yield distribution of individual
gaseous species [70,72].

For product yield prediction of biomass pyrolysis via the
one-step global kinetics, the empirical correlations proposed
by Neves et al. [72] have been widely employed in the
multiscale modelling of the BFBG. These correlations are
developed based on extensive experimental datasets that
cover broad pyrolysis conditions and diverse biomass feed-
stocks. As shown in Table 1, they enable the quantification of
yields of CO, H,, and CH, as well as bio-char, alongside the
elemental (C, H, O) compositions of bio-char and bio-tar.
The yield of CO,, H,0, and other light hydrocarbons are
calculated by element mass balance. Nevertheless, these
empirical correlations exhibit limited fitting accuracy because
pyrolysis product yields are solely correlated with operating
temperature, the coefficient of determination (R-square) for
most correlations is lower than 0.9. Consequently, ML
methods have gradually replaced the empirical correlations to
predict the yield of biomass pyrolysis product. Current ML-
based yield prediction frameworks correlate pyrolysis prod-
uct distribution with readily measurable parameters,
including elemental (C/H/O) contents and proximate analysis
indices (ash, moisture, volatile matter, and fixed carbon), as
well as critical operating parameters such as reaction tem-
perature and heating rate [85-89].

2.1.2.2. Scheme B and C: two-step semi-global kinetics. The
two-step semi-global kinetics was first proposed by Shafizadeh

resulting in Scheme C as illustrated in Fig. 4 (c). This modi-
fication enables the accurate capture of the peak temperature
inside biomass particles [92]. Although Schemes B and C do
not require an empirical correlation to determine the split ratio
of gases to char (in contrast to Scheme A), their kinetic pa-
rameters still need to be adjusted according to the biomass
feedstocks to improve prediction accuracy [93]. Furthermore,
they fail to predict detailed information on the yield of indi-
vidual gas species without additional empirical correlations.

2.1.2.3. Scheme D: lumped chemical structure based ki-
netics. Even though the chemical composition of a biomass
particle is highly complex as summarized by Johansen [94],
the biomass can be represented by several key macro-com-
ponents, namely cellulose, hemicellulose, and lignin, as shown
in Eq. (1). Each macro-component is assumed to be converted
into intermediate products, followed by parallel decomposi-
tion reactions that generate bio-tar, char, and gas species,
respectively [73,95]. Additionally, a tar-cracking process is
incorporated into Scheme D, as illustrated in Fig. 4 (d). The
parameters of Scheme D proposed by Miller and Bellan [96]
are listed in Table 2, it has been widely used in both particle-
scale and reactor-scale modelling of biomass pyrolysis process
[97-104]. A comparative study by Xiong et al. [98] shows that

Table 2
A commonly used kinetic parameters for Scheme D [96].

Macro-components Parameters v, for k3 Pre-exponential Activation energy

and Chin [90] to describe the tar-cracking process, as shown in factor (s~ ) (kJ/mol)
Fig. 4 (b). The kinetic parameters proposed by Wagenaar et al. Cellulose k, 035 280 x 10" 2424
[91] have been commonly used in both particle-scale and k; 328 x 10 196.5
reactor-scale modeling, and the results indicate that Scheme B ks 1.30 x 101: 150.5
can provide reasonable predictions of the overall pyrolysis rate ~ Hemicellulose ki 0.6 21010 & 186.7

. . k> 8.75 x 10 202.4
and char yield in most cases [60]. However, Park et al. [92] ks 260 x 10! 1457
pointed out that Scheme B fails to accurately capture the peak Lignin k, 0.75 9.60 x 108 107.6
temperature profile caused by endothermic reactions. Thus, an k; 1.50 x 10° 143.8
intermediate component, with subsequent decomposition via ks 7.70 x 10° 1114
endothermic reactions to form char, was added to Scheme B, Tar ks 4.28 x 10° 108.0
Table 1
The empirical correlations used to determine the yield of pyrolysis product [72]."
Items Empirical correlations R-square
Yield of CO -1 0.56

Yeor = Yu, r (3 x 107% + 1—&-(()7";)2;3))723>

Yield of H, Yu,r = 1.145(1 — exp(—0.00117))*** 0.94
Yield of CHy Yen,r = — 2.18 x 107 + 0.146Y o ¢ 0.88
Yield of bio-char Y r = 0.106 4 2.43 exp( — 0.0066T) 0.56
Element of carbon in bio-char Yoo = 0.93— 0.92 exp(— 0.00427) 0.65
Element of hydrogen in bio-char Yuen = — 0.0041 + 0.10 exp( — 0.00247) 0.75
Element of oxygen in bio-char Yo = 0.07 4 0.85 exp(— 0.00487T) 0.56
Element of carbon in bio-tar Yeur = (1.05 +1.9 x 10’4T) Yer 0.07
Element of hydrogen in bio-tar Yo = (0.93 +3.8 x 10*4T) Yor
Element of oxygen in bio-tar Yoiar = (0,92 — 22 x 10*4T) Yor 0.07

? T is the pyrolysis temperature. The subscript F represent dry ash free feedstock based.
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the Scheme D can give better prediction of product yield of
biomass pyrolysis than Scheme B.

Biomass — aCellulose 4+ SHemicellulose + ylignin (1)

where «, B, v represent the composition fractions of each
component in the biomass, which can be determined through
experimental measurements.

The advantage of this scheme is that it can be applied to any
biomass feedstock primarily composed of cellulose, hemicel-
lulose, and lignin. Nevertheless, an empirical correlation is still
required to determine the content of species in the tar and gas
phases. Furthermore, the pyrolysis process involves more pa-
rameters and reactions, which results in a significantly higher
computational cost compared to Schemes A, B, and C, espe-
cially in the multiscale CFD simulation of the BFBG [104].

2.1.2.4. Scheme E: detailed chemical structure based ki-
netics. The detailed chemical structure-based kinetics was
originally proposed by Ranzi [105] from the CRECK group
and has since undergone continuous subsequent modifications
to the representative macro-components and their kinetic pa-
rameters to enhance its predictive performance [106—110]. As
shown in Fig. 4 (e), biomass is assumed to be composed of
cellulose, hemicellulose, lignin fractions (hydrogen-rich
lignin, oxygen-rich lignin, and carbon-rich lignin), and ex-
tractives (hydrophobic and hydrophilic extractive compo-
nents), involving a rather large number of reactions (including
drying), gas, and solid species. The composition of these
macro-components can be determined via elemental analysis
[107]. Thus, Scheme E does not rely on pyrolysis experiments
to determine the yield of gas, bio-tar, and bio-char. Further-
more, this scheme can predict not only the yields of gas, bio-
tar, and bio-char but also the compositions of pyrolysis
products. A comparative study on modeling biomass pyrolysis
using schemes C and E indicates that scheme E exhibits better
performance in predicting biomass heating rate, pyrolysis rate,
and particle shrinkage, whereas Scheme C underestimates the
pyrolysis rate under low-temperature conditions [74]. The
main drawback of Scheme E is its high complexity, which
leads to a dramatic increase in computational cost when
incorporated into a multiscale CFD model. Although Scheme
E is rarely used in the multiscale CFD simulation of the BFBG
[111,112], it has been commonly adopted in CFD-CRN and
CRN models for BFBG simulation [113] as well as particle-
scale simulations [114—119].

2.1.3. Kinetics of heterogeneous char reactions

Table 3 summarizes the main heterogeneous char reactions
during biomass gasification, including char oxidation, and
CO, and H,O gasification, and char methanation. For char
oxidation, the ratio of CO to CO, (1) depends on both oper-
ating conditions (e.g., temperature and O, concentration) and
biomass feedstock type, as discussed by Morin et al. [120].
The commonly used correlations for 5 are illustrated in Fig. 6.
The correlations proposed by Morin et al. [120] and Tognotti
et al. [121] yield similar values of 1 across most temperature

Table 3
The heterogeneous char reaction during biomass gasification.

Reactions Stoichiometric equation
Oxidation n+2 n 1
C+ 0, — CO + CO
2n+2 ? n+1 n+1 2
CO, gasification C+CO,—2CO
H,O gasification C+ H,0—CO+H,
Methanation C +2H, > CH,

ranges, whereas those reported by Arthur [122], and Linjewile
and Agarwal [123] produce markedly different profiles. The
probable reason for this discrepancy is the use of different char
materials: artificial graphite coal char and petroleum coke
were employed in the experiments by Arthur [122] and Lin-
jewile and Agarwal [123], whereas biomass char was utilized
in the studies by Tognotti et al. [121] and Morin et al. [120].
Although the correlation developed by Tognotti et al. [121] has
been validated over a wide temperature range and widely
adopted for modeling biomass combustion and gasification in
numerous studies [124—126], it should still be noted that
biomass feedstock characteristics exert a significant influence
on the value of 7.

Regarding the kinetics of heterogeneous char reactions,
both volume-based and surface-based kinetics have been
widely adopted in modeling, with their corresponding ex-
pressions given in Egs. (2) and (3), respectively.

=t~ ) Proxy @
Z_}:= koexp <_%) P'S(X)f(X)" (3)

Where ko and Ea is the pre-exponential factor and activa-
tion energy, respectively. P is the partial pressure of O,, H,O,
and CO,. f(X) is a function describing the effects of particle
conversion on char reactivity, various expressions of f{X) can
be found in the reference. S(X) is a function modeling the
evolution of specific surface area. To characterize the dynamic
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Fig. 6. CO/CO, ratio determined from the expression of Morin et al. [120],
Tognotti et al. [121], Arthur [122], and Linjewile and Agarwal [123].
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evolution of the specific surface area of biomass char during
gasification, four classical models have been extensively
applied in previous studies, namely the constant specific sur-
face area model, constant reactivity model, random pore
model, and classical capillary model [56,124,127-129]. The
constant specific surface area model assumes that the specific
surface area remains constant during biomass char conversion
and can deliver reliable predictions for high-temperature
oxidation scenarios where external mass transfer dominates
the reaction process. Differently, the constant reactivity model
assumes a constant char reaction rate alongside a progressive
increase in specific surface area, the char conversion predicted
by this model shows good agreement with the few experi-
mental data until the conversion up to 60%. The random pore
model, originally established by Bhatia et al. [130], has
emerged as a widely adopted model for describing the specific
surface area evolution of coal and biomass char particles
during combustion and gasification. However, its practical
application requires a structural parameter calibrated from
experimental measurements or derived from the initial pore
size distribution. By contrast, the classical capillary model
posits that char particle pores expand as porosity develops,
which correspondingly increases the specific surface area
[131]. Nevertheless, comparative analysis between model
predictions and experimental measurements reveals insuffi-
cient valid data to identify the most optimal model for biomass
char conversion, leaving no definitive consensus in the existing
research [132].

A large variation exists in the reported parameters of both
volumetric-based and specific surface area-based kinetics as
shown in Fig. 7, thus, it is difficult to find a universal kinetic
parameter to model char gasification for various biomass

1497

feedstocks. The reason is that char reactivity highly depends
on both feedstocks and operating conditions. For example, the
inorganic species and content have significant effects on the
char reactivity. Luo et al. [127] found that the overall char
reaction rate of pine wood char is much lower than beech
wood char, due to the potassium content of pine wood char
(150 mg/kg) is much lower than that of beech wood char (1700
mg/kg). Guo et al. [133] investigated the effects of biomass
feedstocks on the char reactivity with 40 different wood spe-
cies, and found that different feedstocks result in different
gasification reactivities. Therefore, the selected kinetics of
heterogenous char reactions for multiscale simulation of
BFBG should be not only restricted to the same biomass
feedstocks but also similar operating conditions. Otherwise, a
large deviation may be observed between experimental and
modeling results [19].

ML method has been widely applied to quantify the cor-
relations between multi-dimensional input variables and cor-
responding model outputs [168-170], offering a feasible
avenue for the development of universal kinetic models for
biomass char gasification. A recent study has demonstrated
that deep neural networks can be utilized to construct gener-
alized predictive models for the kinetic parameters governing
coal char combustion [171]. Nevertheless, the reactivity of
char oxidation, CO, gasification, and H,O gasification is
strongly dependent on multiple influencing factors, including
feedstock characteristics (e.g., elemental and proximate anal-
ysis results, inorganic element content, particle size, and
density), operational conditions (e.g., temperature, gaseous
component concentration, and pressure), and the pore structure
of char particles (e.g., pore size distribution and porosity).
Accordingly, a high-quality and comprehensive database of
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Fig. 7. Parameters for heterogeneous char reaction kinetics. (a), (b), and (c) are the kinetic parameters for the volume-based rate expressions of char oxidation, H,O
gasification, and CO, gasification, respectively. (d), (e), and (f) are the kinetic parameters for the surface-based rate expressions of char oxidation, H,O gasification,
and CO, gasification, respectively. The corresponding data were obtained from the following references: char oxidation [54,57,120,132,134-148], H,O gasification
[46,139,144,148-157], and CO, gasification [132,134,151,152,154,157-167].



1498 H. Luo et al. / Green Energy & Environment 11 (2026) 1490-1519

kinetic parameters is a prerequisite for establishing a robust,
universal ML-based predictive model for biomass char gasi-
fication. However, systematic and large-scale datasets of this
kind remain scarce in the existing literature, representing a
critical research gap and a promising direction for future
investigations.

Regarding char methanation kinetic model, both volume-
based and surface-based kinetic models have been imple-
mented in multiscale simulation of the BFBG. In contrast to
the kinetic parameters for char oxidation, CO, and H,O
gasification, the parameters for surface-controlled char
methanation exhibit relatively minor variability. The widely
adopted surface-based kinetic parameters for char methanation
are reported as ko = 3.42 x 1073 m/(s-K) and Ea = 129.703
kJ/mol [41,54,111,137,140,172—181]. For volume-based char
methanation kinetics, the most commonly used parameter set
was originally proposed by Syamlal and Bissett [182] and
subsequently modified by Snider et al. [183] and Liu et al.
[184] in the CFD modelling of the BFBG using multiphase
particle-in-cell (MP-PIC) method. Notably, the reaction rate
proposed by Liu et al. [184] is five times of Snider et al. [183].
Both parameter sets from Snider et al. [183] and Liu et al.
[184] have been extensively employed in the CFD modelling
of the BFBG [42,66,185—-190]. However, alternative char
methanation kinetic parameter sets have also been adopted in
the CFD simulation [144,191-193] and process modelling
[194-201] of the BFBG. Therefore, the selection of volume-
based kinetic parameters of char methanation should be cho-
sen to match the conditions of the BFBG as closely as
possible.

2.2. Particle-scale model

Numerous numerical models have been proposed to simu-
late the biomass gasification process at the particle scale. Fig.
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8 summarizes the typical particle-scale models for biomass
gasification regarding their application range, accuracy, and
computational cost. More details on the particle-scale model
will be discussed as below.

2.2.1. OD model

The OD model assumes that sub-particle scale variables
(such as temperature, concentration, and particle conversion)
are uniformly distributed in the particle, leading to the neglect
of intra-particle mass and heat transport, while external mass
and heat transfer are considered in the model [202]. Since the
spatial distribution at the sub-particle level does not need to be
solved, only ordinary differential equations (ODEs) need to be
solved in the OD model, making it the simplest and most easily
implemented model in the mainstream multiscale simulation
models for BFBG. Therefore, it is the most widely used par-
ticle-scale model in the literature [111,175,181,188,203-205].
However, biomass is difficult to comminute primarily due to
its robust lignocellulosic framework, in which cellulose,
hemicellulose, and lignin form a tightly cross-linked structure
with high mechanical strength and toughness. The fibrous
nature of cellulose and the binding effect of lignin resist me-
chanical breakage, while high moisture content also increases
material plasticity and reduces grinding efficiency. These
characteristics result in high energy consumption and low ef-
ficiency in biomass size reduction [206]. Fig. 9 (a) shows a
comparison of the typical particle size distributions of coal and
biomass; the size of biomass particles is significantly larger
than that of coal, resulting in pyrolysis and gasification rates
comparable to those of intra-particle heat and mass transfer as
shown in Fig. 9 (b). Therefore, neglecting intra-particle heat
and mass transfer is unreasonable for most cases of BFBG. A
series of particle-scale models for biomass thermochemical
conversion processes also proves that the 0D model over-
estimates the overall heating rate and reaction rate for large
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Fig. 8. Typical particle-scale models for biomass gasification. 0D: zero-dimensional model. corrected-0D: OD model with correction factors to consider the impact
of intra-particle heat transfer. IBM: interface-based model. Reprinted with permission from Ref. [43]. Copyright (2013) Elsevier. 1D: one-dimensional model. 2D/
3D: two-/three-dimensional model. Reprinted with permission from Ref. [119]. Copyright (2026) Elsevier.
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Fig. 9. Typical particle size distributions of coal and biomass particles used in fluidized bed gasifiers (a): the data source of cumulative curve of biomass. Reprinted
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biomass particles [63,116,117,207,208]. Thus, a more
advanced particle-scale model is required for the multiscale
simulation of the BFBG.

2.2.2. Corrected-0D model

The main disadvantage of the 0D model is that its appli-
cation range is limited to the kinetically controlled regime, due
to the neglect of intra-particle heat and mass transfer. To
extend its application scope, corrected-OD models have been
proposed, which incorporate intra-particle heat and mass
transfer through various correction methods. For example,
Dong et al. [209] and Zhong et al. [101] proposed an indirect
approach to modify the reaction rate constant by combining
intrinsic kinetics with heat penetration rate, aiming to inves-
tigate the impact of intra-particle heat transfer on biomass
pyrolysis. Compared with the original 0D model, the cor-
rected-OD model predicts a lower yield of bio-tar and a higher
yield of char [101], indicating the significant role of intra-
particle heat transfer in biomass pyrolysis. However, this in-
direct method is not suitable for modeling char gasification, as
both intra-particle and external mass transfer also exert sig-
nificant effects on char reactivity. In addition, this method has
not been fully validated through detailed particle-scale or
reactor-scale experiments, and its reliability and flexibility still
need further verification in future research.

An alternative approach to deriving corrected-0D models is
to quantitatively analyze the impact of intra-particle heat and
mass transfer on biomass gasification by using detailed par-
ticle-scale models (e.g., interface-based model, 1D model, and
2D/3D models). Joakim et al. [93] first obtained the spatial and
temporal evolution of biomass pyrolysis via a 1D model with
apparent kinetics derived from small particles, and then used
the particle-resolved data to develop pyrolysis kinetics that
account for intra-particle heat transfer effects, significantly
improving the prediction accuracy of the OD model. Espekvist
et al. [210] adopted a similar method, using simulation data
from an interface-based model (IBM) to determine the
apparent kinetics for large biomass particles, which also

enhanced the predictive performance of the 0D model. It
should be noted that intra-particle heat and mass transfer not
only affect the reaction rate but also interact with external
mass transfer, thus forming a coupling chain of flow-external
transport-intra-particle transport-reactions. Therefore, the
aforementioned corrected-OD models still overestimate the
external heat and mass transfer rates [93], and further opti-
mization is required to better align with actual operating
conditions.

To simultaneously account for the influences of intra-particle
transport on both external transport and reactions, Luo et al. [202]
introduced a corrected-0D model by defining correction co-
efficients for external heat transfer (Hy), external mass transfer
(H,,), and reaction rate (H,). The correction coefficients are
determined through a quantitative comparison of the external
heat transfer rate, external mass transfer rate, and reaction rate
predicted by the OD and 1D model, respectively. These correction
coefficients can be correlated as a function of particle-scale
gasification parameters, such as the dimensionless particle tem-
perature (0 = (T, - T,0))/(T, - T,,0), where T, T,,, and T, represent
the initial particle temperature, particle temperature, and envi-
ronmental temperature, respectively), Biot number, and particle
conversion. Fig. 10 (a) and 10 (b) show a comparison of the 0D,
corrected-0D, and 1D models used in the particle-scale modeling
of biomass pyrolysis for medium-sized (3—5 mm) and large-sized
(24.5 mm) particles, respectively. Zheng et al. [211] also
demonstrated that the corrected-0D model can be easily imple-
mented in reactor-scale simulations. Fig. 10 (c) presents a com-
parison of these three models in the particle-scale modeling of the
char gasification. The results indicate that the corrected-0D
model yields similar results to those of the 1D model, whereas the
0D model overestimates the overall heat transfer rate and reaction
rate. This confirms that the correction method effectively extends
the application range of the OD model to regimes controlled by
either external or intra-particle heat and mass transfer.

Since determining the correction coefficients requires
solving the 1D model, the procedure is rather complex. To
efficiently obtain the correction coefficients, a machine
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Fig. 10. A comparison of 0D, corrected-0D, and 1D model in predicting particle-scale biomass pyrolysis (a) and (b), and char gasification process (c), and machine
learning method employed to determine correction coefficients proposed by Luo et al. [117] (d) and Lu et al. [212] (e). OD: 0D model, 1D: 1D model, Cor-0D:
corrected-0D model. The original data of Fig. 10 (a) is adapted from Luo et al. [202]: Reprinted with permission from Ref. [202]. Copyright (2020) American
Chemical Society. The original data of Fig. 10 (b) and (d) are adapted from Luo et al. [117]: Reprinted with permission from Ref. [117]. Copyright (2023) Elsevier.
Fig.10 (e) is reprinted from Lu et al. [212]: Reprinted with permission from Ref. [212]. Copyright (2022) Elsevier.

learning method has been applied to predict them, as illus-
trated by Luo et al. [117], as shown in Fig. 10 (d). A similar
approach was adopted by Lu et al. [212], who used the method
to model biomass pyrolysis in a bubbling fluidized bed reactor
(see Fig. 10 (e)). Their findings show that coupling a machine
learning-derived corrected-OD model into reactor-scale CFD
simulations not only improves prediction accuracy compared
to the OD model but also significantly reduces computational
costs compared to the 1D model. Therefore, the machine
learning-assisted corrected-0D model is expected to serve as a
reliable and efficient particle-scale model for the multiscale
simulation of the BFBG.

2.2.3. Interface-based model

The interface-based model (IBM) was originally proposed
by Thunman et al. [137] for modeling biomass combustion.
This model divides a biomass particle into four layers (i.e.,
moist wood, dry wood, char, and core layers) and assumes that
drying, pyrolysis, and char gasification reactions occur
exclusively at infinitely thin interfaces: the moist front, dry
front, and particle surface, respectively, as shown in Fig. 7.
The intra-particle heat transfer within each layer is solved
using heat balance equations. It is worth noting that the IBM
model can be simplified to the unreacted shrinking core model
when drying and pyrolysis processes are neglected. This
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simplification is feasible, because char oxidation, CO, gasifi-
cation, and H,O gasification reactions occur exclusively on the
outer surface of the unreacted core [124,178]. Accordingly, the
unreacted shrinking core model represents a special case of the
IBM model [1].

The primary motivation for developing the IBM model is to
reduce the computational cost of reactor-scale CFD simula-
tions for biomass thermochemical conversion processes
involving large-sized particles. Mehrabian et al. [54] imple-
mented the IBM into a CFD model to simulate particle-scale
experiments and demonstrated that it can provide good pre-
dictions of biomass thermal conversion processes. Strom and
Thunman [43] discussed the computational efficiency of the
IBM model when integrated with a CFD model and concluded
that the IBM model is suitable for large-scale simulations.
Consequently, the IBM model has been extensively applied in
reactor-scale CFD modeling of biomass thermochemical
conversion processes [45,177,213].

Since the IBM model assumes that reactions occur at the
infinitely thin interfaces between different layers, a prerequisite
is that the reaction rate is much faster than the intra-particle heat
and mass transfer rates (Da; >>1). For cases where the reaction
rate is comparable to the intra-particle heat and mass transfer
rates, a large deviation may be observed between experimental
data and modeling results [178,207,214]. Another weakness of
the IBM model is that the boundary conditions for each indi-
vidual particle must be solved; thus, it can only be implemented
in CFD-DEM models and is not easily integrated into MFM,
CFD-CRN, and CRN models. Moreover, the IBM remains
complex when handling the highly varied boundary conditions
of biomass particles while maintaining high computational ef-
ficiency, and the assumption of an infinitely thin interface re-
action zone may reduce the robustness of the CFD solver [19].

2.2.4. 1D model

The 1D model directly and simultaneously solves the
external and intra-particle heat and mass transfer, as well as
reaction processes. If a momentum balance equation is
included, the flow field inside the particle can also be resolved,
thus enabling easy acquisition of both spatial and temporal
distributions. Therefore, the 1D model has been extensively
employed to investigate biomass gasification behavior at the
particle scale for simple geometries (i.e., spherical, cylindrical,
and flat particles) [56,127,132].

Although numerous particle-scale simulations have shown
that the 1D model can provide reasonable predictions of
biomass gasification for large particles under various operating
conditions, its application in reactor-scale simulations of the
BFBG remains rarely reported in the literature [112,208,215].
Von Berg [215] implemented a 1D pyrolysis model in the
reactor-scale CFD modeling of biomass gasification in the
BFBG. They found that incorporating a 1D model into the
CFD simulation significantly improved the simulation per-
formance, but it also led to a significant increase in compu-
tational demand. A similar conclusion was drawn from a study
by Gao et al. [115]. Thus, one of the main weaknesses of the
1D model is its low computational efficiency, which makes it

unaffordable for the large-scale BFBG simulations. Another
shortcoming of the 1D model is the same as that of the IBM
model, it also requires tracking each individual particle to
obtain its boundary conditions. Consequently, the 1D model is
only applicable in the CFD-DEM.

2.2.5. 2D/3D models

Compared with the 1D model, the 2D/3D model not only
can directly solve the external and intra-particle heat and mass
transfer as well as reaction processes, but also can account for
the anisotropic characteristics and complex shapes of biomass
particles. These advantages enable the 2D/3D model to
investigate biomass gasification behavior with various particle
shapes [119]. However, an increase in dimensionality leads to
greater complexity in model implementation and higher
computational costs. Therefore, the 2D/3D model has only
been gradually employed to investigate biomass gasification
behavior at the particle scale [65,69,119,216-219]. The
application of 2D/3D particle-scale models in multiscale
simulations is rarely reported in the literature. Recently, Lu et
al. [217] proposed a glued-sphere CFD-DEM method to model
the pyrolysis of biomass particles with arbitrary shapes in a
fluidized bed reactor. This model has been validated by both
particle-scale and reactor-scale experiments. However, the
glued-sphere method only solves intra-particle heat transport
phenomena and ignores intra-particle mass transfer, making it
still far from being applicable in reactor-scale simulations of
the BFBG.

2.2.6. Coupling evolution of particle physical morphology
in particle-scale models

The morphological evolution of biomass particles during
gasification exerts a remarkable influence on intra-particle and
external heat and mass transfer. Therefore, incorporating such
morphological variations into particle-scale models is essential
for accurate reaction prediction. As summarized in a recent
review [16], particle morphological evolution during biomass
gasification is primarily driven by particle shrinkage and
fragmentation. Particle shrinkage is generally governed by
mass loss stemming from moisture evaporation, pyrolysis, and
char conversion. Accordingly, particle shrinkage is commonly
assumed to be a function of particle conversion. Di Blasi
proposed a classical model that adopts three parameters («, 3,
and v) to characterize the particle shrinkage process [220].
Specifically, « is used to describe to what extent the volu-
metric shrinkage is increasing linearly with the char mass, 3 is
used to describe the amount of the solid volume is added to the
gas phase volume due to conversion reactions, and v is used to
account the particle shrinkage caused by internal structural
changes of biomass particle. This model has been widely
implemented in CFD simulations of biomass thermochemical
conversion processes [221-224]. However, these three pa-
rameters are not related to the common definition of shrinkage
factors as described by Hagge and Bryden [225]. Moreover,
the selection of «, B, and 7 values lacks universal criteria, as
these parameters are calibrated to fit experimental data rather
than measured directly via experiments [19]. To address this



1502

limitation, a more intuitive and straightforward method as-
sumes a linear correlation between particle shrinkage and
biomass solid conversion, enabling shrinkage factors to be
easily determined from experimental measurements. This
simplified shrinkage model has been widely adopted in
numerous studies [56,93,117,226,227]. Since particle
shrinkage is defined as a function of particle conversion, the
shrinkage model can be conveniently coupled with either the
global particle conversion calculated by OD and corrected-0D
models or the localized particle conversion resolved by high-
fidelity particle-scale models (e.g., IBM, 1D, and 2D/3D
models). The fragmentation of biomass particles occurs when
intra-particle stress exceeds the particle's structural strength.
As the pressure, porosity, and temperature of particle have
significant effects on the intra-particle pressure force, stress
limit of the material, and thermal stress, the fragmentation of
biomass particles can only be implemented in a detailed par-
ticle-scale models (i.e., IBM, 1D, and 2D/3D models), while
the OD and corrected-OD models are not easy to describe the
evolution of particle physical morphology caused by the
fragmentation.

2.3. Meso-scale model

Meso-scale models are used to describe the momentum (via
drag models), heat (via interphase heat transfer models), and
mass (via interphase mass transfer models) exchange between
fluid and solid phases. The accuracy of meso-scale models has
a significant impact on the external heat and mass transfer

(a) Homogenous model
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o

i
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particles windows

@ —Bed materials
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between biomass particles and their surroundings, thereby
affecting the overall performance of reactor-scale models.
Therefore, meso-scale models also play an important role in
the multiscale simulation of the BFBG. Since the exchange
between fluid and solid phases is explicitly resolved in CFD
models, but it is not explicitly resolved in other reactor-scale
models, the discussion of meso-scale models focuses mainly
on the multiscale CFD simulation of the BFBG. As the grid is
the minimum element after the discretization of the governing
equations of the CFD model, the commonly employed meso-
scale models can be classified into three types (i.e., Homo-
geneous model [228], Filtered model [229], and EMMS model
[230]) based on how the sub-grid structure is solved, as shown
in Fig. 11. The expressions of the commonly used meso-scale
models are summarized in Table 4.

Homogeneous models assume that field variables within
each grid are uniformly distributed, regardless of grid size, as
shown in Fig. 11 (a). These models are usually derived from
experimental measurements. For drag models describing the
momentum exchange between fluid and solid phases, repre-
sentative models include Gidaspow [228], Wen and Yu [232],
Ergun [233], Syamlal-O'Brien [234], and Huilin—Gidaspow
[235], which have been widely used in CFD simulations of
BFBG. The Wen and Yu [232] and Ergun [233] drag models
are widely employed to model dilute and dense fluidized bed
reactors, respectively. The Syamlal-O’Brien drag model is
proposed as a favorable choice for bubbling and turbulent
fluidized bed reactors [234]. The Gidaspow drag model is a
combination of the Wen and Yu, and Ergun drag models,

o

(b) Filtered model

e

(c) EMMS/bubbling or EMMS/matrix model
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Fig. 11. Commonly employed meso-scale models in the multiscale simulation of BFBG. (a) Homogenous model. (b) Filtered model. Reprinted with permission
from Ref. [231]. Copyright (2016) Elsevier. (c) EMMS/bubbling or EMMS/matrix model.
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Table 4
Expressions of the commonly used meso-scale models.
Models References Expressions
Drag models
2 3 g€
Homogenous Wen and Yu [232] g =20, ¢Pg |ug B u:‘s,z_ﬁs
47 d, i
24 0.687
[1+0.15(¢Re)"™ | (Re<1000)
Cp =< &Re
0.44 (Re > 1000)
Ergun [233] e,  1.75¢p,
g = 1506ng2 — Jug — ]
Gid: 228 3.6
1daspow [ ] ZCDG ;gpg |ug _ MJ{E;“’S (Eg > 08)
g = )
eu, 1.75¢p
150€gd§ T £ ug —u,|  (€,<0.8)
Syamlal-O’Brien [234] 3e.€,p
b= 4v3dsgCD‘ug —
4.8 ’
Cp={0.63+—
v/Re/v,
v, =05 {A — 0.06Re + \/ (0.06Re)> 4 0.12Re(2B — A) + A2 }
. 1.28 <0.
T 0 86g (eg <0 85)
¢ eﬁ'(’x (eg > 0.85)
Huilin-Gidaspow [235] 3 €€,p aes eu 5¢€p,
B=39Co— £ luy — s €% + (1 - ¢) <1so€gd§ - £ uy — us|>
b= arctan[150 x ;75(0.2 —€)] 405
Di Felice [236] 3 4.8 \peges|ug —u,
8= —(0.63 +7> Mex
4 VRe ds ‘
1.5 — logRe)’
Y =3.7-065 exp{(zoge)
Mazzei and Lettieri [237] 3 4.8 \%p,e.6lu, — us
6:7(0.63+ ) Pyeosu >|€272n
4 vRe ds ¢
4.8+ 0.42Re™*
n=—————/+
1+0.175Re™*
Filtered Igci et al. [229,238], Schneiderbauer _ § E€ePg ) 265
et al. [239-242], Sarkar et al. [231], B =30y e — wle > Ho
Zhu et al. [243,244], Lu et al. [245], The expression of Hp can be found in the corresponding reference
Milioli et al. [246,247], Jiang et al.
[248,249], Zhang et al. [250], Hardy
et al. [251]
i 3 €€
EMMS Yang et al. [252,253], Wang and Li g =20, ¢Pg |ug B u:‘egz'(’sHD

[254], Wang et al. [255],
Nikolopoulos et al. [256,257], Lu et
al. [258,259], Shi et al. [260], Hong
et al. [261], Ullah et al. [262], Zhou
and Wang [263], Ghadirian and
Arastoopour [264], Lu et al. [265],
Luo et al. [266], Ahmad et al. [267],
Hu and Liu [268], Qin et al. [269],
Wang and Lu [270], Yang et al.
[271], du et al. [272], Stamatopoulos
et al. [273], Sun et al. [274]

4 dy

The value of Hp, depends on physical properties of gas and solid phase, and operating conditions

of fluidized bed and can be obtained by solving the EMMS model.

(continued on next page)
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Table 4 (continued)

Models References Expressions

Interphase heat and mass transfer models”

Homogenous Ranz and Marshall [275] Nu = 2.0 + 0.6Re'/2 Pr!/3
i 2
Li and Mason [276] 2.0+ 0.66%Re? Pr'/? (Re < 200)
Nu = ¢ 2.0+ 0.5¢,°Re"/> Pr'/* +0.02¢, Re”® Pr'/? (200 < Re < 1500)
2.0+ O‘OOOOALSE;“"Re"8 (Re > 1500)

Gunn [277] Nu = (7= 106 +5¢) (1 +0.TRe"? Pi2%) + (1.33 - 2.40¢, + 1.2 )Re"” PO

Zh et al. [278] Nu= (—0.83+1621¢,~14.67€ ) (1-0.01Re"* Pr'?) + (1.5~ 2.60¢, + 1.31€ |Re" Pr'/
Filtered Huang et al. [279,280]. Li et al. As the expression of the filtered based heat and mass transfer model is rather complex, its detailed

[281,282], Zhu et al. [283], Lei et al. expression of can be found in the corresponding references.

[284], Du et al. [285], Wang et al.

[286]
EMMS Dong et al. [287,288], Liu et al. As the expression of the EMMS based heat and mass transfer model is rather complex, its

[289], Liu et al. [290], Zhang et al.
[291,292]

detailed expression of can be found in the corresponding references.

Note: u is the velocity (m/s), § is drag coefficient for gas and solid phase (kg/m’/s), € is volume fraction, Cp, is the drag coefficient for a single particle, d, is the
particle diameter (m), p is the density (kg/m?), the subscript g and s is gas and particle phase, respectively. Hy, is the heterogeneous index.

% The expression of a heat transfer model can be converted to mass transfer model by substituting Prandtl number (Pr) and Nusselt number (Nu) as Schmidt
number (Sc) and Sherwood number (Sh). Therefore, only the expression of Nu is listed in the Table 4. The Nu and Sh can be further used determine the interphase

heat and mass transfer coefficients.

aiming to extend the application range of drag models [228].
Since the Gidaspow drag model is a discontinuous function, it
was further modified by Huilin and Gidaspow with a transition
equation to improve numerical stability. Details on the dis-
cussion of homogeneous drag models can be found in Wang et
al. [44]. For heat and mass transfer models, the correlations of
Ranz and Marshall [275], and Gunn [277] have been exten-
sively employed in multiscale simulations of BFBG. The Ranz
and Marshall equation is derived from single-particle experi-
ments, while the Gunn model is derived from fixed-bed ex-
periments and has been extended to applications in fluidized
bed reactors. Dong et al. [287,288] summarized the commonly
employed homogeneous mass transfer models and observed a
large variation in the Sherwood number when using these
correlations. In addition to deriving correlations from experi-
mental data, high-fidelity discrete numerical simulations have
also been gradually employed to develop interphase exchange
models [44]. However, numerous studies have found that grid
size has a significant effect on modeling results, as the het-
erogeneous structure at the sub-grid level is not resolved
[229,254]. Thus, one weaknesses of homogeneous models is
that fine grids are required in CFD simulations [293], which
significantly increases computational costs and even makes
large-scale simulations unaffordable [208,294]. Another
shortcoming of homogeneous drag models is that their cor-
relations are derived from experimental data or high-fidelity
simulation data under narrow operating conditions, making the
extension of these models to other conditions questionable.
Compared to fine-grid simulations using homogeneous
meso-scale models, the computational cost of coarse-grid
simulations is much lower [258]. Therefore, numerous studies
have been conducted to account for the heterogeneous struc-
ture at the sub-grid level to enable coarse-grid simulations
[229,291,295]. The filtered method is one of the representative

approaches to account for the impact of heterogeneous struc-
tures on modeling results [229,231,243,245,246]. This model
derives interphase exchange correlations from highly resolved
periodic domain simulations, which are usually a function of
filter size, as shown in Fig. 11 (b). The filtered drag model was
first introduced by Igci et al. [238] to simulate the hydrody-
namic behaviors of bubbling fluidized beds and circulating
fluidized beds using MFM. In this model, the drag coefficient
is expressed as a function of filter size and voidage. They
found that grid-independent simulation results are achieved
when the filtered model is incorporated into the two-fluid
model, indicating that the model is applicable to coarse-grid
simulations. The filtered method has been used in a series of
studies to derive phase exchange correlations for the MFM
[246,247,250,279]. Although the filtered drag model has been
extensively employed in multiscale simulations of hydrody-
namic behaviors in fluidized bed reactors, its application to
BFBG is rarely reported in the literature. One reasons is that
the heterogeneous structure at the sub-grid level is not
explicitly resolved by the filtered method; therefore, it is not
easily used to derive heat and mass transfer correlations, as the
reacting flow-transport-reaction processes are much more
complex than multi-phase flow behaviors alone. In addition,
the parameters in the filtered model are obtained from CFD
simulations with pre-defined physical properties of gas and
solid phases. However, the physical properties of gas and solid
phases change significantly during biomass gasification pro-
cesses; thus, extending the filtered method to multiscale sim-
ulations of the BFBG is suggested for future work.

In addition to the filtered method, an alternative approach
to account for the impact of heterogeneous structures on flow-
transport-reaction behaviors is the energy minimization multi-
scale (EMMS) method. Originally proposed by Li [296] to
predict the saturation carrying capacity of circulating fluidized
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beds at the global scale, the EMMS method was further
developed by Yang et al. [252,253], who introduced an ac-
celeration term for both dense and dilute phases to obtain a
heterogeneous structure-dependent EMMS drag model (as
shown in Fig. 11 (c¢)), which is the first version of the EMMS
model incorporated into the MFM. This model exhibits much
better performance than the Gidaspow drag model in pre-
dicting hydrodynamic behaviors. Wang and Li [254] further
extended the model using a two-step scheme (namely the
EMMS/matrix model) and defined a heterogeneity index (Hp
= B/Bwen ana vu» Where ( is the effective drag coefficient and
Bwen and vu 1S the coefficient given by Wen and Yu) to quan-
titatively describe the effects of heterogeneous structures on
drag force. Lu et al. [258] found that the modeling results of
the EMMS/matrix model show weak grid dependence and are
applicable to coarse-grid simulations for fast fluidization under
various conditions. The EMMS model was further modified by
Shi et al. [260] and Hong et al. [261] to enable its application
in bubbling fluidized beds (EMMS/bubbling). Similar to the
EMMS/matrix model, Luo et al. [266] revised the heteroge-
neity index as a binary function of slip velocity and voidage,
and they found that the model provides good predictions of the

Data Generation

(b)
Traversing
(Dy,ps,dp, Ug,lg,0g,€q )i

EMMS-ANN Training
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hydrodynamic behaviors of bubbling and turbulent fluidized
beds in coarse-grid simulations. Since the heterogeneous
structure is explicitly resolved in the EMMS model, it can be
easily implemented to account for the effects of heterogeneous
structures on heat and mass transfer between gas and solid
phases, as demonstrated by Liu et al. [289] and Zhang et al.
[291]. Moreover, the EMMS model has been extensively
employed in large-scale simulations of fluidized bed reactors
[256,297-300]. Therefore, the EMMS model is expected to be
one of the most promising meso-scale models for multiscale
simulations of the BFBG.

In recent years, ML methods have been extensively used to
assist the development of filtered models and EMMS models
[243,245,248,271,273]. Lu et al. [245] developed a filtered
CFD-DEM drag model using an artificial neural network, as
shown in Fig. 12 (a). This model exhibited higher accuracy
than the homogeneous Wen and Yu drag model and the filtered
drag model derived from the two-fluid model; they also
highlighted that conventional nonlinear regression should not
be abandoned if it can achieve regression performance similar
to that of machine learning models. Zhu et al. [243] employed
machine learning methods to analyze the effects of input
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Fig. 12. Application of ML method to assist the development of meso-scale model. (a) ML derived filtered CFD-DEM drag model. Reprinted with permission from
Ref. [245]. Copyright (2022) American Chemical Society. (b) ML derived EMMS drag model. Reprinted with permission from Ref. [231]. Copyright (2016)

Elsevier.
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parameters on the performance of the filtered drag model. The
use of ML methods to derive filtered models can also be found
in the literature [243,245,248,249,251,283]. Yang et al. [271]
developed a generic EMMS drag model for simulating dense
fluidized bed reactors using an artificial neural network, which
extended the EMMS drag model to various operating condi-
tions and material properties. This is because the heterogeneity
index is correlated as a function of multiple parameters, as
shown in Fig. 12 (b). A similar method was also adopted by
Stamatopoulos et al. [273] to simulate a fluidized bed reactor
for chemical loop combustion. Therefore, ML methods are
indeed a powerful tool to assist the development of meso-scale
models.

3. Multiscale coupling in the simulation of BFBG
3.1. Thermodynamic equilibrium and kinetic model

The thermodynamic equilibrium and kinetic (EK) model
assume that drying, biomass pyrolysis, char gasification and
oxidation, as well as gas-phase oxidation and gasification,
occur separately in the BFBG. In process simulation tools
(such as Aspen Plus and AVEVA PRO/II), a series or parallel
combination of thermodynamic equilibrium, kinetic, mixing,
and separation modules is used to simulate the biomass gasi-
fication process [34,198,301,302]. This model is employed to
investigate the global heat and mass balance of the BFBG,
rather than the detailed flow, heat, and mass transfer processes
within it. The particle-scale models and meso-scale models are
generally not resolved in the EK model; instead, empirical
correlations and molecular-scale models are directly integrated
into the modules, as summarized in Fig. 13. Therefore, there is
no direct coupling between the EK model and particle- and
meso-scale models.

The main advantage of the EK model is that it provides the
most efficient way to obtain the global performance of the
BFBG, due to its low computational cost. Thus, it has been
extensively employed in the process modeling of BFBG, as

Lombardelli et al. [302] assumed that biomass gasification re-
actions occur sequentially. They adopted the RYield and RStoic
modules to simulate biomass pyrolysis and char gasification,
respectively, and employed a REquil module to simulate gas-
phase oxidation and reduction reactions. The results were used
in the techno-economic assessment of process configurations
for producing bio-methanol from residual forestry biomass
gasification. A similar method was also adopted by Fan et al.
[201] to optimize the operating conditions of BFBG. However,
the EK model ignores the interaction between bed material and
biomass particles, making it difficult to analyze the effect of
particle properties on the overall characteristics of the reactor.
Kaushal and Tyagi [303] attempted to incorporate empirical
hydrodynamic equations for fluidized beds, enabling the model
to preliminarily analyze the influence of bed material particle
size on gasification efficiency and product yields. Nevertheless,
the accuracy and generalizability of these empirical equations
have yet to be verified. Moreover, the assumption that reactions
occur separately results in a decoupled process of drying,
biomass pyrolysis, char gasification, and gas-phase oxidation
and reduction. This is inconsistent with the actual situation in
fluidized beds, where multiple reactions occur simultaneously
and are mutually coupled. More importantly, the EK model
mainly focuses on the overall mass and energy balance and
global performance of the BFBG; the details of particle- and
meso-scale transport processes are not coupled in the model.
Thus, it can only reflect the effects of parameters such as tem-
perature, pressure, and feed flow rate on the overall perfor-
mance, and is unable to conduct in-depth analysis of the
influences of factors such as biomass particle properties, particle
size, and reactor geometry configurations [32,38].

3.2. Chemical reactor network model

Unlike EK models, which are mainly developed based on
the characteristics of the biomass gasification process,
chemical reactor network (CRN) model is established based
on the hydrodynamic behaviors of BFBG. In this model, the

summarized in recent reviews [32,38]. For example, BFBG is first divided into multiple zones according to its
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flow field or solid-phase concentration distribution to form
the topological structure of the CRN model. Then, ideal
reactor modules, either continuous stirred tank reactors
(CSTRs) or plug flow reactors (PFRs), are selected for each
zone based on its flow regime characteristics, and finally
interconnected according to its topological structure [22,28—
30,303,304]. As the topological structure of the CRN model
is predefined, the coupling method between the CRN model
and particle and meso-scale models is more likely one-way
coupling. A summary of the multiscale coupling of CRN
models is given in Fig. 14.

Kaushal et al. [303] established a CRN model for a BFBG
by dividing the dense phase region into multiple bubble
phases and an emulsion phase based on the two-phase theory,
coupled with empirical correlations from fluidized bed hy-
drodynamic models. A 0D model was employed to describe
the char conversion process. This CRN model can not only
predict the outlet composition and product yields, but also
obtain the axial distribution of component concentrations.
However, this model adopted a lumped reaction Kkinetic
model, which is unable to predict the detailed composition of
tar. Stark et al. [28] and Richard et al. [304] divided a
bubbling BFBG into a dense phase region and a dilute phase
(freeboard) region based on its hydrodynamic structure. They
selected an isothermal CSTR module for the dense phase
region and an isothermal PFR module for the dilute phase,
forming a topological structure of series-connected CSTR
and PFR modules. A detailed biomass gasification mecha-
nism was also integrated into the CRN model; thus, more
detailed information about the products can be obtained
through this model. Berkel et al. [30] refined the CRN
configuration for the dense phase region based on the clas-
sical two-phase theory [305], dividing the dense phase region
at the bottom of the bubbling BFBG into an emulsion phase
and a bubble phase. The emulsion phase was described using
a CSTR module, while the bubble phase was represented by
multiple series-connected PFR modules. The optimal number
of PFR modules for the bubble phase was determined by
experimental data. In their work, empirical correlations and
molecular models were directly integrated into the CRN, in a
similar way to EK models.

Since only kinetic-based models are employed in the
CRN model, drying, biomass pyrolysis, char gasification,
and gas-phase oxidation and reduction reactions can be
simulated simultaneously. Additionally, reactor geometry
configurations, simplified meso-scale, and particle-scale
models can also be integrated together. These features
offer several advantages over EK models (e.g., the CRN
model can provide a coarse spatial distribution of species
concentrations, and its performance is superior to that of
the EK model). Therefore, the CRN model has become one
of the mainstream methods in the multiscale simulation of
the BFBG in recent years. However, the model still lacks
the ability to integrate advanced particle- and meso-scale
models. The impacts of intra-particle transport processes
and meso-scale structures are still rarely accounted for in
the model. Moreover, the transport parameters between
individual ideal reactors in CRN models rely excessively
on empirical correlations, and the artificially established
topological structure of the CRN model is usually over-
simplified, thereby restricting its application range and
generalizability.

3.3. Computational fluid dynamics model

Computational fluid dynamics (CFD) model, including
both Euler-Lagrange (E-L) method and Eulerian multi-fluid
model (MFM), solves the detailed continuity, momentum,
energy, and species transport equations to describe the multi-
scale transport-reaction phenomena during the biomass gasi-
fication process. The detailed spatial and temporal
distributions of various variables (such as velocity, tempera-
ture, particle conversion, and species concentration) can be
simultaneously obtained from CFD simulations. Therefore,
CFD models are applicable to support the design, optimiza-
tion, and scale-up of the BFBG. Since the detailed coupled
flow, transport, and reaction processes are fully resolved, all
sub-models reviewed in Section 2 can be implemented in CFD
models, as shown in Fig. 15. The empirical correlations used
to determine the yield of pyrolysis products and the molecular-
scale models used to determine reaction rates are integrated
into particle-scale models to derive the source terms for CFD
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models. Particle-scale models and meso-scale models are
coupled in CFD models using interphase exchange coefficients
(i.e., drag coefficient, convective heat and mass transfer co-
efficients). Moreover, the interactions between particle-scale
models, meso-scale models and their impacts can be explicitly
presented in the governing equations in a reactor-scale CFD
model. Therefore, a two-way coupling method is typically
adopted [13]. Additionally, the meso-scale structure is
restricted by the operating conditions and reactor geometry
configuration of the BFBG.

Table 5 summarizes the sub-models used in reactor-scale
CFD simulations of the BFBG employing the MFM and E-L
approaches. For the meso-scale drag model, a homogeneous
model is commonly used in reactor-scale CFD simulations to
describe the interphase exchange between gas and solid pha-
ses. Since the heterogeneous structure at the sub-grid level is
not resolved in the homogeneous model, a fine grid size is
required for reactor-scale simulations, as reported by Li et al.
[293]. Fine-grid simulations lead to a significant increase in
computational cost, which is unaffordable for large-scale
simulations [294].

To improve the accuracy of coarse-grid simulations, the
EMMS and filtered drag models have been gradually
employed in the reactor-scale modeling of the BFBG
[112,175,189,212,217,306-308]. For example, Chen et al.
[175] found that the EMMS drag model provides better pre-
dictions of the outlet gas species composition of a bubbling
BFBG than a homogeneous drag model (Gidaspow drag
model). Luo et al. [306,309] demonstrated that the pressure
profiles of a BFBG obtained using the EMMS drag model are
in better agreement with experimental data compared with the
Gidaspow drag model. The filtered drag model also exhibits
superior performance in predicting the hydrodynamic behav-
iors of fluidized bed reactors [245].

Although meso-scale structures have been proven to have
significant effects on heat and mass transfer between gas and
solid phases [279,291,310,311], they are rarely implemented
in reactor-scale CFD simulations of the BFBG. The most
widely used correlations to describe interphase heat and mass
transfer are still homogeneous models (i.e., Gunn [277], Li and
Mason [276], Ranz and Marshall [275]). Therefore, further
development of meso-scale interphase heat and mass exchange

models that account for the impacts of heterogeneous struc-
tures, as well as their implementation in reactor-scale simu-
lations, will be required in future work.

As shown in Table 5, the most used particle-scale model for
reactor-scale CFD simulations of BFBG is the 0D model. This is
because the 0D model is the simplest model, as discussed in
Section 2, and requires the least computational demand. Recent
studies have also demonstrated that using 0D models in CFD
simulations is feasible for large-scale reactive simulations
[300,312]. However, numerous studies have shown that the 0D
model fails to predict the biomass pyrolysis and char gasifica-
tion processes for large-sized particles [74,116,208,313].
Therefore, more advanced models (corrected-0D, IBM, 1D, 2D/
3D) have been gradually employed in reactor-scale CFD sim-
ulations of biomass thermochemical conversion in fluidized bed
reactors  [112,202,208,213,215].  Nevertheless, current
advanced models mainly focus on accounting for the intra-
particle temperature gradient during the biomass pyrolysis
process, and their application in gasification processes is rarely
reported [75]. Moreover, integrating a more advanced model
(i.e., 1D, 3D, and IBM) into reactor-scale CFD simulations is
rather complex and time-consuming. Among various particle-
scale models, coupling a corrected-OD model in reactor-scale
simulations requires almost the same computational cost as the
oversimplified 0D model. Additionally, the corrected-OD model
is easily implemented in reactor-scale CFD models and ach-
ieves almost the same accuracy as the 1D model. Therefore, the
corrected-0D model can be considered a good alternative to
replace IBM/1D/2D/3D models in reactor-scale simulations,
enabling fast and efficient reactor-scale simulations in future
work.

In the reactor-scale CFD modeling of the BFBG, the ki-
netics of pyrolysis, char gasification, and gas-phase oxidation
and reduction are generally included. Regarding computa-
tional cost, a simple pyrolysis kinetic scheme is often
employed in reactor-scale CFD modeling. However, a simple
kinetic scheme requires the use of empirical correlations to
predict the yield of pyrolysis products. In recent years,
several studies have attempted to implement Scheme E to
describe biomass pyrolysis in reactor-scale modeling, which
increases the computational demand for solving species
transport equations [111,112,179] but avoids the need for
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A summarize of sub-models used in reactor-scale CFD simulation of BFBG.

References

Meso-scale

Particle-scale

Molecular-scale

Eulerian multi-fluid model (MFM)

Oevermann et al. [314]

Gerber [140]

Liu et al. [191]

Thankachan et al. [315]

Xue and Fox [144]

Couto [316]

Silva and Rouboa [317]

Chen [318]

Chen [175]

Stark et al. [25]

Erietal. [111]

Li et al. [319]

Luo et al. [306]

Yin et al. [307]

Kang et al. [188]

Manu and Madav [203]
Luo et al. [202]

Zheng et al. [211]
Euler-Lagrange model (E-L)
Oevermann et al. [314]

Tang et al. [192]

Xie et al. [185]

Homogenous drag model.

Homogenous drag model.

Homogenous drag, heat, and mass transfer model

Homogenous drag, heat, and mass transfer model

Homogenous drag, heat, and mass transfer model

Homogenous drag, heat, and mass transfer model

Homogenous drag, heat, and mass transfer model

Homogenous drag, heat, and mass transfer model

EMMS drag model, Homogenous heat, and mass

transfer model

Homogenous drag, heat, and mass transfer model

Homogenous drag, heat, and mass transfer model

Homogenous drag, heat, and mass transfer model

EMMS drag model

EMMS drag model, Homogenous heat, and mass
transfer model

Homogenous drag, heat, and mass transfer model

Homogenous drag, heat, and mass transfer model

Homogenous drag, heat transfer model
Homogenous drag model, Homogenous heat,
transfer model

Homogenous drag model

Homogenous drag model

Homogenous drag model

0D

0D

0D

0D

0D

0D

0D

0D

0D

0D

0D

0D

0D

0D

0D

Corrected-0D
Corrected-0D

0D

0D

0D

Pyrolysis: Scheme A

Char gasification, global gas phase oxidation and
reduction

Pyrolysis: Scheme B

Char gasification, global gas phase oxidation and
reduction

Pyrolysis: Scheme A

Char gasification, global gas phase oxidation and
reduction

Char gasification, global gas phase oxidation and
reduction

Pyrolysis: Scheme B

Char gasification, global gas phase oxidation and
reduction

Pyrolysis: Scheme A

Char gasification, global gas phase oxidation and
reduction

Pyrolysis: Scheme A

Char gasification, global gas phase oxidation and
reduction

Pyrolysis: Scheme A

Char gasification, global gas phase oxidation and
reduction

Pyrolysis: Scheme B

Char gasification, global gas phase oxidation and
reduction

Drying: Kinetic model

Pyrolysis: Scheme B

Char gasification, global gas phase oxidation and
reduction

Pyrolysis: Scheme E

Char gasification, global gas phase oxidation and
reduction

Pyrolysis: Scheme A

Char gasification, global gas phase oxidation and
reduction

Pyrolysis: Scheme A

Char gasification, global gas phase oxidation and
reduction

Drying: Kinetic model

Pyrolysis: Scheme A

Char gasification, global gas phase oxidation and
reduction

Pyrolysis: Scheme A

Char gasification, global gas phase oxidation and
reduction

Pyrolysis: Scheme A

Pyrolysis: Scheme A

Pyrolysis: Scheme A

Char gasification, global gas phase oxidation and
reduction

Pyrolysis: Scheme A

Char gasification, global gas phase oxidation and
reduction

Pyrolysis: Scheme A

Char gasification, global gas phase oxidation and
reduction

(continued on next page)
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References

Meso-scale

Particle-scale

Molecular-scale

Jin [51]

Gerber [52]

Ku et al. [320]

Liu et al. [66]

Ostermeier et al. [321]

Kong et al. [187,322]

Wang et al. [67]

Yang et al. [186]

Zhang et al. [42]

Von Berg et al. [215]

Yang et al. [58]

Bai et al. [190]

Sun et al. [189]

Wang et al. [179]

Yang et al. [59]

Graf et al. [308]

Hashemisohi et al. [204]

Homogenous drag, heat transfer model

Homogenous drag model

Homogenous drag, heat, and mass transfer model

Homogenous drag, heat, and mass transfer model

Homogenous drag, heat, and mass transfer model

Homogenous drag, heat, and mass transfer model
Various drag models

Homogenous heat, and mass transfer model

Homogenous drag, heat, and mass transfer model

Homogenous drag, heat, and mass transfer model

Homogenous drag, heat, and mass transfer model

Homogenous drag, heat, and mass transfer model

Homogenous drag, heat, and mass transfer model

EMMS drag model, Homogenous heat, and mass
transfer model

Homogenous drag, heat, and mass transfer model

Homogenous drag, heat, and mass transfer model

EMMS drag model, Homogenous heat, and mass
transfer model

Homogenous drag, heat, and mass transfer model

1D

0D

0D

0D

0D

0D

0D

0D

0D

1D

0D

0D

0D

0D

0D

0D

0D

Pyrolysis: Scheme B

Char gasification, global gas phase oxidation and
reduction

Drying: Heat flux model

Pyrolysis: Scheme B

Char gasification, global gas phase oxidation and
reduction

Drying: Heat flux model

Pyrolysis: Scheme A

Char gasification, global gas phase oxidation and
reduction

Drying: Kinetic model

Pyrolysis: Scheme A

Char gasification, global gas phase oxidation and
reduction

Drying: Equilibrium model

Pyrolysis: Scheme A

Char gasification, global gas phase oxidation and
reduction

Pyrolysis: Scheme A

Char gasification, global gas phase oxidation and
reduction

Drying: Kinetic model

Pyrolysis: Scheme A

Char gasification, global gas phase oxidation and
reduction

Pyrolysis: Scheme A

Char gasification, global gas phase oxidation and
reduction

Drying: Kinetic model

Pyrolysis: Scheme A

Char gasification, global gas phase oxidation and
reduction

Drying: Kinetic model

Pyrolysis: Scheme A

Char gasification, global gas phase oxidation and
reduction

Pyrolysis: Scheme A

Char gasification, global gas phase oxidation and
reduction

Drying: Kinetic model

Pyrolysis: Scheme A

Char gasification, global gas phase oxidation and
reduction

Drying: Kinetic model

Pyrolysis: Scheme A

Char gasification, global gas phase oxidation and
reduction

Drying: Kinetic model

Pyrolysis: Scheme E

Char gasification, global gas phase oxidation and
reduction

Drying: Equilibrium model

Pyrolysis: Scheme A

Char gasification, global gas phase oxidation and
reduction

Pyrolysis: Scheme A

Char gasification, global gas phase oxidation and
reduction

Pyrolysis: Scheme E

Char gasification, global gas phase oxidation and
reduction

(continued on next page)
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References Meso-scale

Particle-scale ~ Molecular-scale

Sun et al. [64,323]

Viasquez et al. [181]

Huang et al. [205]

Wang et al. [112]
transfer model

Lu et al. [212].
model
Lu et al. [217]
model
Ku et al. [213]

Homogenous drag, heat, and mass transfer model

Homogenous drag, heat, and mass transfer model

Homogenous drag, heat, and mass transfer model

Filtered drag model, Homogenous heat, and mass

Filtered drag model, Homogenous heat transfer

Filtered drag model, Homogenous heat transfer

Homogenous drag, heat, and mass transfer model

0D Drying: Kinetic model
Pyrolysis: Scheme A
Char gasification, global gas phase oxidation and
reduction

0D Pyrolysis: Scheme A
Char gasification, global gas phase oxidation and
reduction

0D Pyrolysis: Scheme A
Char gasification, global gas phase oxidation and
reduction

1D Drying: Kinetic model

Pyrolysis: Scheme E

Char gasification, global gas phase oxidation and

reduction

Drying: Kinetic model

Pyrolysis: Scheme E

3D Drying: Kinetic model

Pyrolysis: Scheme B

Pyrolysis: Scheme A

Corrected-0D

IBM

empirical correlations to determine pyrolysis product yields.
Since bio-tar species are clearly defined in Scheme E, a
comprehensive tar-cracking model can also be implemented
in reactor-scale CFD simulations. Various drying models
have been used in reactor-scale modeling, but the kinetic
model is the most employed.

Although CFD models can characterize the multiscale flow-
external transport-intra-particle transport-reaction behaviors in
BFBG, it should be noted that the main drawback of CFD
models is their high computational cost, especially when a
detailed molecular-, advanced particle-, and meso-scale
models are incorporated into the model. Therefore, CFD
models are still challenging to apply at the process scale to
support the design and optimization of the BFBG [22].

3.4. CFD-CRN model

The CFD-CRN model uses detailed multi-field information
from CFD simulations to construct the topological structure of

the CRN and determine its linkages and structural parameters,
thereby achieving indirect coupling between CFD and process
simulations. Fig. 16 summarizes the multiscale coupling in the
CFD-CRN model for modeling BFBG. In general, empirical
correlations as well as molecular-scale, meso-scale, and par-
ticle-scale models can be comprehensively integrated.
Furthermore, advanced particle- and meso-scale models can
be embedded within each CRN zone of the coupled CFD-CRN
framework. Notably, particle- and meso-scale modelling exert
considerable influences on the topological structure of the
CRN in the CFD-CRN model since the detailed information
required for CRN construction is explicitly derived from CFD
simulation results. Accordingly, the multi-scale coupling
strategy adopted in the CFD-CRN model can be classified as a
quasi-two-way coupling method.

Arora et al. [26] artificially constructed a CRN consisting
of 4 CSTRs and 5 PFRs based on gas-phase flow patterns and
residence time distributions obtained from two-dimensional
non-reacting flow simulations using an MFM model, into

s S

|1 Particle-scale models|

CFD-CRN models

I« OD model

I+ IBM model
* 1D model
» 2D/3D model

: « EMMS model

1| Meso-scale models
* Homogenous model
I « Filtered model

'+ Corrected 0D model !

Empirical correlations

Molecular-scale models
* Drying models
* Pyrolysis kinetics
* Gasification kinetics
» Gas phase oxidation and
reduction kinetics
» Thermodynamic model

Fig. 16. Multiscale coupling in the CFD-CRN model for modelling BFBG. The contour plot of the CFD data is adapted from Arora et al. [26]: Reprinted with

permission from Ref. [26]. Copyright (2017) Elsevier.
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which a homogeneous drag model was incorporated. The to-
pological structure, linkages, and structural parameters were
optimized by fitting the residence time distribution. Similar
methods have been applied to processes including poly-
ethylene gasification [324], circulating fluidized bed reactors
[23], and catalytic cracking [325]. Nevertheless, it is not
appropriate to construct a CRN solely based on non-reacting
flow CFD simulation data for processes such as biomass
gasification, which is accompanied by substantial volatile
release. Therefore, Stark et al. [25] developed a CFD-CRN
model consisting of 2 PFRs and 1 CSTR based on flow field
information from two-dimensional reacting-flow simulations
using an MFM model. Compared with the CRN model derived
from the two-phase theory using empirical correlations [28],
this model significantly improved the prediction accuracy of
tar species, demonstrating that the CFD-CRN model coupled
with multi-field information from reacting-flow CFD simula-
tion data can better reflect the actual biomass gasification
processes in the BFBG. Kumar et al. [27] developed a CFD-
CRN model for bubbling BFBG based on CFD-DEM simu-
lation data. This model not only reproduced the axial species
concentration distribution in excellent agreement with the
CFD-DEM simulation results, but also achieved an order-of-
magnitude improvement in computational efficiency, with the
computation time reduced from 3 days to 20 ms. Therefore,
compared with a CFD model, the CFD-CRN model can cap-
ture consistent characteristics of the biomass gasification
process in BFBG while delivering a remarkable boost in
computational efficiency.

CRN topological structure generation methods can be
broadly classified into two categories: artificial construction
methods and auto-generation method [22]. Owing to its
capacity to efficiently utilize multi-physics field data, auto-
generation method has gradually superseded artificial con-
struction methods and become the mainstream methodology
for single-phase combustion reactors [326—328]. For instance,
Gao et al. [326] established quantitative zoning strategies and
criteria based on multi-field data (temperature, velocity, spe-
cies distribution, etc.) from CFD simulations, and developed
an automatic CRN generation algorithm tailored for NOy
emission prediction in combustors. The algorithm enables
automatic determination of CRN topological structure and
parameters, and the CFD-CRN model delivers accurate pre-
diction of NO, concentration at the reactor outlet. Savarese et
al. [327] proposed a fully automatic CRN generation algo-
rithm for combustion reactors based on the K-means
unsupervised clustering algorithm, which processes CFD
multi-field data without requiring manually predefined zoning
strategies or criteria. However, the BFBG features multiscale
complexity arising from multiphase flow, multi-component
species, and tight coupling among hydrodynamics, extra-par-
ticle transport, intra-particle transport, and chemical reactions.
Automatic CRN generation algorithms developed for single-
phase reactors cannot be readily extended to such systems; as
a result, artificial construction methods remain the dominant
approaches to determine the topological structure of the CFD-
CRN model [113,329]. Nevertheless, artificial construction

methods typically rely exclusively on the analysis of flow
fields or solid concentration fields from CFD simulations,
yielding CRNs with oversimplified architectures [25-27,30].
Such CRNs fail to faithfully capture the actual multiphase,
multi-field, multiscale structures within the reactor, and their
application is generally restricted to bubbling fluidized beds
for biomass gasification with simple geometries [30]. There-
fore, existing CRN construction methods for the BFBG suffer
from two major limitations: reliance on expert experience and
the absence of standardized automatic generation algorithms
and poor understanding of the underlying correlation between
the multiphase, multi-field, multiscale reactor structures and
the topology as well as parameters of CRNs, which impedes
the development of well-structured and physically consistent
CRNs. Accordingly, developing a CRN auto-generation al-
gorithms with adaptation to the multiphase, multi-field, mul-
tiscale structures in the BFBG should be focused in the future
work.

Besides the CRN auto-generation algorithms, another main
drawback of existing CFD-CRN models is that they ignore the
effects of meso-scale heterogeneous structures (such as parti-
cle clusters and bubbles) on interphase transport and intra-
particle transport at the sub-particle scale, as the CFD model
used to construct the CFD-CRN model incorporates a 0D
model and a homogeneous model. Numerous studies have
confirmed that intra-particle transport processes and meso-
scale structures exert a significant impact on biomass gasifi-
cation processes [117,124,291,309]. Moreover, a CRN with a
fixed topological structure and parameters is usually adopted
in the reactor-scale modelling of the BFBG, but it can only
achieve satisfactory prediction performance within a narrow
range close to the operating conditions of the original CFD
simulation [22]. When the operating conditions deviate
significantly, the prediction deviation of the model increases
markedly [30]. However, the multiscale flow-transport-reac-
tion behaviors in the BFBG are closely related to the physical
properties of biomass particles, operating conditions, and
geometric configurations [14], resulting in weak adaptive
construction capability of the CFD-CRN model. Therefore,
developing an adaptive CFD-CRN model with considering the
effects of meso-scale heterogeneous structures on interphase
transport and intra-particle transport at sub-particle scale is
very essential for future work.

3.5. Data-driven surrogate models

With the rapid advancement of artificial intelligence
methodologies and the computational capabilities of computer
hardware and software, data-driven surrogate (DS) models
have been gradually employed to model biomass gasification
processes [37,85,86,180,330-343]. Fig. 17 shows the main
procedures to derive a DS model and its applications in BFBG.
The key to deriving a DS model is the quality of the database.
In general, the data is obtained from either BFBG experiments
or numerical simulation based on EK, CRN, CFD, and CFD-
CRN models. Whether the particle- and meso-scale models
considered in the DS models depends on the source of the
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Fig. 17. Multiscale coupling in the DS model for modelling BFBG. Long short-term memory: Reprinted with permission from Ref. [345]. Copyright (2023)
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data. Notably, the particle- and meso-scale models are not
explicitly coupled in the DS model. For example, Zhao et al.
[330] employed machine learning (ML) methods to develop a
DS model for predicting the H, yield during supercritical
water gasification of biomass, and the model also highlighted
the influence of variables involved in supercritical water
gasification of biomass on hydrogen production. Faridi et al.
[333] proposed a DS model for the spatial and temporal pre-
diction of temperature in BFBG using a dynamic recurrent
neural network method, and this DS model was applied to the
online automatic control of BFBG operating conditions
[180,344]. As demonstrated in recent studies
[335,340,345,341], the spatial and temporal distributions of
multi-field variables in the BFBG can be predicted by a DS
model derived from CFD simulation data using ML methods
(such as XGBoost, neural network models, and long short-
term memory). The recently developed physics-informed
neural networks, which reduce data reliance, embed physical
laws, and boost simulation accuracy and robustness, have been
applied to reconstruct multi-physics fields in fluidized bed
reactors [346,347], their application to predict the spatial and
temporal distributions of multi-field variables in BFBG is still
rarely reported in the literature, due to the inherently complex
multiscale transport-reactive phenomena in BFBG.

The DS model offers remarkable advantages in simulating
the BFBG over the EK, CRN, CFD, and CFD-CRN models.
This model relies on historical experimental or high-fidelity
simulation data instead of detailed physical and chemical
mechanisms, enabling fast prediction under various operating
conditions with significantly reduced computational costs.
Additionally, the model is highly adaptive to the complex
nonlinear relationships between operating parameters (such as
temperature, equivalence ratio, and steam-to-biomass ratio)
and gasification performance indicators (syngas composition,
carbon conversion efficiency, and tar yield) [39]. Moreover,
the DS model supports rapid parametric analysis, multi-
objective optimization, and real-time control, making it
particularly suitable for the design, optimization, and scale-up
of the BFBG where repeated calculations are required. How-
ever, the inherent multiscale phenomena of the BFBG are
challenging to be explicitly revealed using the DS model. Its

accuracy and generalization ability strongly depend on the
quantity, quality, and distribution of training data; insufficient
data or biased samples can lead to poor predictions, especially
under extreme operating conditions [346]. Discrepancies in
data acquisition standards, operating condition definitions, and
measurement protocols across datasets introduce systematic
biases into model training [348]. For the BFBG, experimental
data from different laboratories and numerical data from var-
ied simulation setups commonly differ in spatiotemporal res-
olution and parameter calibration benchmarks. Direct
integration of inconsistent datasets without standardized pre-
processing distorts the intrinsic mapping between operating
conditions and reactor performance, ultimately impairing the
prediction accuracy and physical consistency of trained DS
models. The unquantified data uncertainty may amplify the
risk of prediction deviations in industrial scenarios. For cross-
source data deviations, data from distinct sources (e.g., lab-
scale experiments, pilot-scale tests, and full-scale CFD

Table 6
Multiscale couplings and performance of reactor-scale simulation of the
BFBG.

Reactor-scale models EK CRN CFD CFD-CRN DS
Coupling of molecular-scale models

Drying model Y Y Y Y N
Pyrolysis kinetic model Y Y Y Y N
Gasification kinetic model Y Y Y Y N
Gas phase oxidation and reduction 'Y Y Y Y N
Coupling of particle-scale models

0D N Y Y Y N
Corrected-0D N Y Y Y N
1D N N Y N N
IBM N N Y N N
2D/3D N N Y N N
Coupling of meso-scale models

Homogenous model Y Y Y N
Filtered model N Y Y Y N
EMMS model N Y Y Y N
Predictive ability

Overall characteristics Y Y Y Y Y
Spatial and temporal distribution N Y Y Y Y
Computational cost + 4+ A+ttt ++
Accuracy I e A e e e e I e e ++
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simulations) exhibit pronounced distribution shifts arising
from differences in reactor geometry and operating conditions.
Training DS models directly on unaligned multi-source data
reduces model adaptability in the modelling of the BFBG,
which multi-scale and multi-phase complexities widen the
distribution gap across data sources [349]. Furthermore, the
DS model cannot reliably extrapolate beyond the range of the
training dataset, and its performance degrades significantly
when applied to new feedstocks or reactor structures without
additional data. Therefore, the DS model is suggested to be
employed when a large set of high-quality data is available.

4. Conclusions and perspectives

This paper systematically reviews the sub-models (molec-
ular-, particle-, and meso-scale models) and reactor-scale
models for the multiscale simulation of the BFBG. Table 6
summarizes the multiscale coupling strategies adopted in
reactor-scale models for the BFBG simulation. The predictive
performance, computational cost, and accuracy of these
models generally depend on the multiscale coupling of phys-
ical models across different scales. The main conclusions and
perspectives for future work are outlined as follows.

(1) The EK model has been extensively employed in process-
scale simulations to obtain the overall characteristics of
the BFBG. However, the EK model is usually over-
simplified, as it neglects particle- and meso-scale phe-
nomena. Thus, extensive fine-tuning of model parameters
is required to fit experimental data. Considering the trade-
off between accuracy and computational cost, the EK
model is recommended for rough performance evaluation
of processes involving a BFBG unit.

(2) Various molecular-scale models, OD or corrected-OD
models, and homogeneous models can be incorporated into
CRN models with an affordable computational cost. These
models can provide both the overall characteristics of the
BFBG and coarse spatial-temporal distributions of key
parameters. Therefore, the CRN model is suggested to
replace the EK model in process-scale simulations to deliver
more accurate results. Nevertheless, since numerous
empirical correlations are used to construct the topological
structure of CRNs, the CRN model is currently limited to
bubbling BFBGs with simple geometric configurations.

(3) CFD models are a promising tool to support the design,
optimization, and scale-up of the BFBG, as they enable the
full resolution of the coupling chain of “flow-external
transport-intra-particle  transport-reactions”. However,
multiscale CFD simulations of the BFBG require massive
computational resources. Therefore, future research should
focus on developing efficient multiscale coupling methods
to reduce the computational costs of CFD models.

(4) The CFD-CRN model constructs the topological structure
of CRN based on multi-field variables obtained from CFD
simulations. Once the CRN is established, the computa-
tional demand can be significantly reduced, striking a good

balance between accuracy and efficiency for multiscale
simulation of the BFBG. However, the artificial construc-
tion of CRN topological structures is hard to fully utilize
multi-field data and has weak adaptive capability. Thus,
future research may focus on developing multiscale multi-
phase adaptive CFD-CRN models by combining CRN auto-
generation algorithms and ML methods [327].

(5) The DS model offers remarkable advantages in terms of
fast simulation of the BFBG . However, it is challenging to
explicitly incorporate the underlying physicochemical
mechanisms into the DS model. Therefore, future work
should prioritize the development of physics-informed DS
models. It is also worth noting that the performance of DS
models relies heavily on high-quality datasets.

(6) ML methods have been extensively used to derive sub-
models for reactor-scale simulations, which can
significantly enhance their adaptability while reducing
computational costs. Nevertheless, the cross-scale coupling
of ML-derived sub-models still requires further
development.

(7) Although significant efforts have been devoted to devel-
oping meso-scale drag models based on heterogeneous
structures, the extension of these models to interphase heat
and mass transfer remains rarely reported in the multiscale
simulation of the BFBG. Therefore, accounting for the
impact of meso-scale structures on interphase heat and
mass transfer remains a key challenge for future multiscale
simulations of the BFBG.

(8) Since char gasification kinetics exhibit significant vari-
ability across different biomass feedstocks and operating
conditions, further research should focus on developing a
universal kinetic model for char gasification by incorpo-
rating inorganic content as a key physical property of
biomass particles.

(9) With regard to accuracy and efficiency, the corrected-0D
model is expected to serve as a reliable and efficient
particle-scale model for the multiscale simulation of the
BFBG. Therefore, the coupling approaches between the
corrected-OD model, meso-scale models, and reactor-scale
model should be further investigated
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