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Abstract

Efficient utilization of biomass is challenging due to the complexity of the feedstock at molecular, particle,
and reactor scales. Direct coupling of particle scale model and reactor scale simulation is computationally
infeasible. In this research, the results from a particle resolved simulation were used to calibrate the heat
transfer and reaction kinetics of particles. A hybrid drag model was used to consider the different
fluidization properties of sands and biomass particles. The computation cost was reduced using a coarse-
grained Discrete Element Method (DEM). The simulated conversion rate, char yield, tar yield, and pyrolysis
gasyield compare well with experiment. The residence time and axial distributions of biomass were also
analyzed. This novel multi-scale method provides an efficient and accurate tool for the modeling of

biomass pyrolysis reactors.
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1. Introduction
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Bioenergy, whichis a form of renewable energy, is derived from biomass feedstock such as forest residuals,
crop residues, purpose-grown grass crops, and woody plants. Fast pyrolysis is the rapid thermal
decomposition of biomass to produce bio-char, bio-oil, and non-condensable bio-gas. As summarized in
Figure 1, the thermal conversion of biomass is a multi-scale problem. The yields and properties of these
different products depend on molecular scale properties such as chemical compositions, particle scale
properties such as sizes, shapes, and porosities, and reactor scale operating conditions such as
temperature and fluidization gas. At molecular scale, lower ash content in chemical compositions can
increase the oil yields (Fahmi et al., 2008), an increase in the amount of volatiles will increase the fuel
acidity (Carpenter et al., 2014), an increase in the amount of lignin will increase the average molecular
weight of the pyrolysis oil (Fahmi et al., 2008). These changes in the pyrolysis products will directly
influence the downstream process such as vapor phase upgrading (Ma et al., 2018). Apart from the
influence on the yields of products, the molecular scale compositions also influence the decomposition
kinetics, for example potassium carbonate in biomass has a large catalytic effect on biomass pyrolysis
(Trendewicz et al., 2015; Safar et al., 2019). At particle scale, the porosity and micro-structure of biomass
directlyinfluence the species and heat transfers (Ciesielski et al., 2017; Pecha etal., 2018), and momentum
transfer betweenthe gas and biomass particles. The low bulk density of biomass affects the performance
of feeding systems, when gravity-based feeding and handling systems are used (Williams et al., 2016), the
size and shape of biomass particles will directly influence the fluidization behavior (Cui and Grace, 2007).
At reactor scale, the operating conditions such as the superficial velocity of the fluidization gas will
influence the biomass mixing and heat transfer in the fluidized bed (Hu et al., 2018). The operating

temperature will also directly influence the reaction kinetics and yield of products (Amutio et al., 2012).



“Scale Problem from Biomags to g;
O\O .
7

-

NG (L .

e’
v ‘ B

Molecular Particle eactor e
10° m, 10°s 104~102 m, 106103 s 0.1~10m, 10~107s Bio-Qil

Biomass

Figure 1 The multi-scale problem from biomass to bio-oil. The molecular structures of different
components in biomass directly influence the kinetics of biomass pyrolysis. The particle porosity,
internal structures, shapes, andsizes influence the momentum, heat, and mass transfers between
biomass particles and fluidization gas. The operating conditions of the reactor will influence the mixing
and residence time of biomass. All these multi-scale influences will lead to different yields and quality of

the products, such as bio-oil.

Due to different challenges at different scales and the variability in different biomass feedstock,
establishing a general model to accurately mode the chemical reactions, momentum, heat, and mass
transfers in a pyrolysis reactor is difficult. Ciesielski et al. compared 11 different pyrolysis kinetics and
showed that the time toreach 90% conversion can be different by as much as an order of magnitude, with
different biomass kinetic models (Ciesielskiet al., 2017). Xiong et al. investigated 3 different heat transfer
coefficient correlations and found that heat transfer is strongly influenced by drag models (Xiong and

Kong, 2014). Liu et al. compared three different drag model in the simulation of a dual fluidized-bed
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biomass gasifier (Liu et al., 2015). A recent review by Ullah et al. discussed 27 different drag models used
in the simulation of biomass fluidization (Ullah et al., 2019). Computational Fluid Dynamic (CFD) simulation
is a powerful tool to investigate the biomass pyrolysis at particle and reactor scales. As reviewed by Xiong
et al. (Xiong et al., 2017), different CFD models are used in the simulation of biomass pyrolysis or
gasification. The multi-fluid model (MFM) treat all phases as continuum phase (Aramideh et al., 2015;
Zhong et al., 2016, 2018), the two-fluid-discrete element model (TFM-DEM) regard gas and inert sands
phase as continuum while the biomass particles are tracked with DEM (Yin et al., 2020), and the Eulerian-
Lagrangian-Lagrangian methods (Zhang et al., 2019) where only the gas phase is treated as continuum
both sands and biomass are tracked with Lagrangian methods such as DEM (Hu et al., 2018), coarse

grained DEM (Qi et al., 2019), and particle-in-cell (Kraft et al., 2017; Park and Choi, 2019).

Inthis research, the multi-scale challenges described above are addressed through the coupling of particle
resolved simulations and coarse grained CFD-DEM simulations. The particle resolved simulations were
used to calibrate the convective heat transfer correlation and reaction kinetics. This simple calibration
lumped the influence of molecular-scale compositions and particle-scale shapes, porosities, and micro-
structures into several scale factors. The coarse grained CFD-DEM simulation tracks gas species and
biomass particles throughout the reactor and provides information on their temperature and thermal
conversions. The influences of fluidization conditions and particle sizes were captured by using a hybrid
momentum transfer correlation which considered the different fluidization properties of sands and
biomass. The experiment results of a 2-inch bubbling fluidized bed pyrolysis reactor operated at the

National Energy Renewable Laboratory (NREL) was then used to validate our simulation.

2. Method

On particle scale, the results of particle resolved simulations are used to calibrate the heat and mass

transfer coefficients. Then, the calibrated coefficients are used in the reactor scale simulation using the



coarse grained CFD-DEM model implemented in the open-source software MFiX (Lu et al., 2016; Lu and

Benyahia, 2018).
2.1. Coarse Grained CFD-DEM Model

In this model, a finite number of particles of the same size, density, temperature, and chemical species

are lumped into a numerical parcel, or a coarse-grained particle (CGP), such that:

Megp = mpW (1)

Where mcgp is mass of the CGP, mp is mass of an actual particle and statistical weight W is the number of

actual particles in a parcel.

The diameter of this CGPis:
13
dCGP = de (2)

The movement of this CGP is tracked based on Newton’s law of motion:

dv 7 (Ve (X') = Vggp) 7
Meep % = Megpd _EdgGPVR‘ + IB : 1—¢ — Edgep + FCGP (3)
f
dw
leor diGP =Teep (4)

vceep and wegp are the translation velocity and angular velocity of a parcel. The moment of inertia /cgp is
calculated by mcgpdcsp?/10. The forces on the right-hand side of equation 3 (gravity force, pressure gradient

force, drag force, and the collision force) are calculated at the parcel scale.

In coarse grained CFD-DEM, the collision force is calculated by the linear spring-dashpot model in both
normal (n) and tangential (t) directions. The spring provide the rebound force of the colliding particlesand
the dashpot mimics the dissipation of kinetic energy due to inelastic collisions. The maximum tangential

force is also limited by the sliding friction force. These forces are calculated as:
5
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The assumption is that when two CGPs collide with each other, the physical particles in one CGP will all
collide with other physical particles in the other CGP. This assumptionis widely used in the literatures (Lu
etal., 2014; Sakaiet al., 2014; Chuetal., 2016). However, this assumption reduced the energy dissipations
in collisions. In order to ensure the energy dissipation during collisions for the original system and the
coarse grained system are identical, an effective restitution coefficient was proposed based on the kinetic
theory of granular flow (Lu etal., 2014; Hu et al., 2019b; Qi et al., 2019). The values of other parameters

in the collision model such as spring constant and friction coefficients are not affected by coarse-graining.

cep :,/1+ (ef —pw? (8)
The temperature of this CGP is tracked by considering only gas-solids convection and reaction heat:

dTCGP __ (yconv + Qreaction (9)

mCGP CCGP dt — XCGP CGP

Where ccgp is the mass-specific heat capacity of the CGP. The convection term is calculated by assuming
all the real physical particlesin a CGP have the same heat transfer coefficient and temperature. So, the
heat convection is calculated based on a real physical particle and then scaled by statistic weight W to get

the total heat transfer of this CGP (Lu et al.,2017b; Hu et al., 2019b).

pf,conv __ pf ,conv
CGP - WQp
pf,conv __ 2
Qp - hconv”d P (Tf _TCGP)
6

(10)



Where Q:; “V'is the heat convection of a real particle. The particle heat transfer coefficient h.,,,is a

function of particle Nusselt number, defined by Ranz-Marshall (Ranz and Marshall, 1952) correlation:

Nu =2+0.6 Re”? Pr'/? (11)
h,.d C

Nu = =2, Pr:ﬂL ‘ (12)
f f

Where d, and k are the particle diameter and fluid thermal conductivity. Re is the local Reynolds number
of a particle. G is the specific heat of fluid. The conduction heat transferis neglectedin this researchdue
to several reasons: (1) the convection heat transfer coefficient was calibrated using on the particle
resolved simulation, however, the conduction heat transfer was not available in the current particle
resolved simulations (Pecha et al., 2018a). (2) The research of Hou et al. (Hou et al., 2012) found that the
convective heat transferis dominant for Geldart A particles which is similar to that of Geldart B particles.
They also found the increase of convective heat transfer with the increase of particle size. Generally, the
convection accounts for about 70% for Geldart A particles and about 90% for Geldart B particles in
bubbling fluidized beds. In this research, the Geldart B particles account for more than 99% by volume. So
the conduction heat transfer is neglected as suggested by the research of Hou et al. (Hou et al., 2012) and
Kaneko et al. (Kaneko et al., 1999) (3) The conduction includes non-contact particle-fluid-particle heat
conduction and contact particle-particle heat conduction (Lu et al., 2017b; Wang et al., 2019). The particle-
fluid-particle conduction assumes a fluid layer on the surface of each particle, however, it is difficult to
physically measure the thickness of this fluid layer for different particles under different conditions. There
is alsoa parameter representing the minimum distance between two particles to avoid the infinite value
of the particle-fluid-particle conduction at a surface distance equals or smaller than zero. The particle-
particle conduction is related to the overlaps between colliding particles, however, the particle-particle
overlaps are larger in the discrete element simulation than that in the physical world, and an overlap
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correction model is needed to adjust the calculated overlap (Morris et al., 2016). A recent researchalso
showed the influence of collision parameters on conduction heat transfer (Hu et al., 2019a). So, the

conduction heat transfer was not included in this simulation.

The species equation of CGP is also directly tracked based on chemical reactions. The mass of the CGP is

calculated as:
dm Ny
€GP _ Z R, (13)
dt =

Where R;, is the rate of production (or consumption) of species n in CGP. The mass fraction of species n

(Xpn) is calculated as:

NS
dX, :i(Rsn_anRsn) (14)
dt Megp n=1

In this research, we assume the biomass diameter is kept constant and its density will decrease due tothe

pyrolysis reactions. So, the biomass density is tracked as:

Pocp = Megp /(%”dgep) (15)

The gas phase movement is governed by the volume averaged Navier-Stokes equations:
d(e
Ao 1 vz pu) =R, (16)

D(& prYs) _

Dt (17)

—&VP+&V-1, +5pg—1

drag

where & is the volume fraction of the fluid, pr its density, uyits velocity, and l4.gis the drag force term. R

is the mass source due to chemical reactions. T is the fluid phase stress tensor given by:



T, = 14Vu; + 24 (Vu, ) + 24 (Veu )l (18)

The species concentrationis calculated by the scalar transport equation:

—a(gfaptfxi)+V'(8fpfufxi)zv'(DiVXi)"‘SXi (19)

Where X;is the mass fraction of species i, D; is the diffusion coefficient, and Sy; is the source term from

chemical reactions. Base onmass balance:

Rf = Z SXi (20)

2.2, Drag Models

To account for the different fluidization properties of sands and biomass, a hybrid drag model is used.
The Geldart B sands are simulated with the Syamlal-0’Brien drag model (Syamlaland O’Brien, 1987) while
the Geldart A biomass particles are simulated with filtered drag model (Gao et al., 2018). The Syamlal-
O’Brien model (Syamlal and O’Brien, 1987) includes two system dependent parameters (C; and G) to
ensure the calculated minimum fluidization velocity (Us) matches the experimentally measured value.
The method to calculate these two parameters is detailed in the literature (Lela et al., 2010) and the
spreadsheet used in this research can be directly downloaded at

https://mfix.netl.doe.gov/download/mfix/umf spreadsheets/umf.xls
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The filtered drag model is considering the effect of non-uniform distributions of particles in a single CFD

cell. The model developed and validatedin our previous publications (Lu et al., 2017a; Gao et al., 2018) is

used in this research. The coefficient is calculated as:

ﬂ Filtered — IBWEH-YU (1_ H Filtered) (22)

0.95(L—e ““*™") v >,
Filtered — 0 (23)
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p:(a14+a153p+a165§)(1+ 3*17 + = )

- (27)
Afilter (A filter )2

& 1 ={

0.75597773, 2.73931487, -5.60196497, -1.65853820, 16.70299223,
-0.44145335, 0.18195034, -0.01827347, 0.28441799, -1.943573770, (28)
0.22177961, 0.31175890, -0.15971960, 0.47750002, 0.062794180,
5.13011673, 0.67680355, -0.54535726 }

2.3. Chemical Reactions

Xiong et al. (Xiong et al., 2017) divided current available biomass pyrolysis kinetics into five categories:
single component single step, single component multi step, multi component single step, multi component
multi step, and relatively complex kinetics. In this research, we used a single component multi step kinetic
because the corresponding particle resolved simulations used this kinetic and the influences of different
components are lumped into different reaction rates to generate different products. The simple lumped
kinetics used in this research doesn’t influence the capability of the method we used to bridge particle
and reactor scale models. It can be directly extended to other types of pyrolysis kinetics. As shown in
Figure 2, a biomass particle (pine pellets inthis study) consists of moisture, wood, ash, and char. The wood
pyrolysis reaction generates char, bio-oil vapor, and bio-gas. There are also two secondary reactions in
which the bio-oil vapor cracks into bio-gas and char. The chemical reactions for biomass pyrolysis are

summarized in Table 1. The reactionrate, using a first order Arrhenius kinetic model is defined as:
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Figure 2 Chemical reactions trackedin this research
[ :CiAe—Ei/RT (29)

Where r;is the rate of reaction i with a unit of kmol/s, C; is the mole fraction of the reactant with a unit of
kmol/m3, A; is the pre-factor, E;is the activation energy. The valesof A;, E;, and reaction heat are from data

in the literature (Pecha et al., 2018) and are listed in Table 1Error! Reference source notfound..

Table 1 Values of the pre-factor, the active energy, and the reaction heat

3. Simulation

The particle size distribution of the milled pine pellets used in experiment and simulations are shown in
Table 2. The proximate analysis for the biomass usedin this study along with its density of eachspecies in
biomass are shownin Table 3. The density of char is based on experimental measurement of the entrained
particles and the density of wood and ash is set to that of the fresh feedstock. All other relevant model

inputs are listed in Table 4.

Table 2 The particle size distribution of feedstock used in experiment and simulation
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Table 3 Proximate analysis of the feedstock (pine pellets)

Nitrogen, which is the fluidizing gas, enters at a temperature of 773 Kelvin, and velocity of 0.249 m/s to
fluidize sand and biomass. The measured minimum fluidization velocity for sand is 0.0565 m/s. The
geometry, operating conditions, and simulation configurations are shown in Figure 3. In particle resolved
simulation by Pecha et al. (Pecha et al., 2018), as shown in Figure 3 (a), the biomass is simplified as a
cylinder. The computation grid is small enough to resolve the shape of biomass and to calculate intra-
particle heat and species transfer. In thiswork, a single spherical biomass particle undergoes fats pyrolysis,
under the same operating conditions as Pecha et al. (Pecha et al., 2018), is simulated with only 4 CFD
grids, see Figure 3 (b). This one-dimension simulation is used to calibrate the heat transfer coefficient and
pyrolysis kinetics using simulation results of Pecha et al. (Pecha et al., 2018) as benchmarks. Then, the
calibrated reaction models are used in the three-dimension simulation of fast pyrolysis of biomass
particles, as shown in Figure 3 (c). The walltemperatureis kept at 773 Kelvin to represent the jacket used
in the experiment. The non-slip wall boundary condition is used for gas phase. The main reactortube is a
2-inch Schedule 40 pipe. The distributor contains 18 holes in a triangular pattern. The reactor is heated by
a heat jacket covers the entire height of the unit and an insulation layer is used to reduce the loose of
energy. The biomass are fed into the reactor through a screw feeder which is surrounded by a cooling

jacket. Other details of the experiment can be found at a recent publication (Pecha et al., 2018).
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Figure 3 Geometry of the fluidized bed and operating conditions

Table 4 Parameters in 3-dimension simulation
4, Results

4.1 Calibrating Heat Transfer Coefficients and Kinetics

The first part of this research is calibrating the convective heat transfer coefficients and reaction rates
usedin the unresolved CFD-DEM simulation to account for the morphology of the real particles. So, several
scale parametersare introducedin our un-resolved simulation:
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NUceppem =S Coi:V : (30)
f

I cropEm = S,C, AzeiEZIRT (31)

I3 cro-DEM = Sscspke_EdRT (32)

Iy cro-0EM = S4C4'A‘z1(':rE4/RT (33)

Where S; to S, are scaling factors, which account for the changes in the morphology of the biomass
particles due to pyrolysis. The values of the scaling factors must be such that the favorable prediction
results for temperature profile, bio-oil yields, gas yields, and char yields are obtained while minimizing the

error defined by equation 34.

Err=f(S) =d(Terp.0em: Tors) +d (YCCES-DEM ’chggr)

d bio-oil Y bio-oil d gas Y gas (34)
+d (Yerpoem: Yers ) +d(Yrboem  Yore)

Excellent agreement is achieved between our predicted profiles and particle resolved simulations, as

shown in Figure 4.
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(b) Char yield of the single biomass particle at different time
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Figure 4 Temperature and yields of different species in resolved (solid lines) and un-resolved (dash lines)
single particle simulation. CFD-DEM model in the MFiX software was used for un-resolved simulations

and the resolved simulations are from literature

The corresponding values of S are listed in Table 5. These values are only applicable to the specific

feedstock used in this research, but the method proposed can be used when dealing with other feedstock.

Table 5 Scale values of heat transfer and kinetics for different sized biomass particles

4.2 Three-dimension Simulation with Calibrated Coefficients

In the three-dimension simulation, three different biomass particle sizes are used to simulate pyrolysis in
a fluidized bed using coarse grained CFD-DEM. To further reduce the computation cost, the three different
sized biomass particles are coarse grained to a uniform size of 426 um using the Size Sized Parcel method
(Lu et al., 2018; Xu et al., 2019). In this coarse graining method, larger statistic weights are used for small
particles while small statistic weights are used for large particles and the parcel diameters are same for
all sized physical particles. It further reduced computation cost by allowing a larger solid phase time step
and increasing the particle collision neighbor list searching efficiency. Previous researchalsovalidated its
accuracyinthe simulation of fluidized bed compared with both CFD-DEM and same statistic weight coarse
graining strategy (Lu et al., 2018). Initially, the fluidized bed is filled with sandat 773 K. The fresh biomass
particles areinjected into the bed at room temperature from the side feed screw. After entering the bed,
they are heated and paralyzed. The reacted biomass particles are much lighter and are easily elutriated
from the top of the reactor. After about 10's, the inventory of biomass inthe bed stabilized at about 0.12%

volume fraction as shown in Figure 5 and Figure 6.
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Figure 6 Biomass inventory in the fluidized bed

The data from 15 s to 22 s are then used to calculate the axial sand and biomass distributions. As shown
in Figure 7, sand formed a dense bed in the bottom region of the reactor, with no sand present above
0.20 m from the bottom of the reactor. The biomass axial profile is very similar to that of sand, but the

biomass particles also have a dilute region in the top region of the reactor.
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Figure 7 Time averaged axial distributions of sands and biomass
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4.2.1Residence Time Distributions and Conversions of Different Sized Biomass

Inthe CFD simulation, three different biomass particle sizes are tracked. Their residence time distributions
are directly calculated using the time when a particle is elutriated from the top minus its injection time.
As shown in Figure 8, all three particle sizes follow a similar residence time distribution profile which is
typical in a riser. The averaged residence time increased from 4.07 s to 5.62 s when the particle size

increased from 0.278 mm to 0.426 mm.

0.25 C REsgence Time=4.07 5 0.25 E Recgence Tme=4.83 5
0.20 + 0.20 +
0.15 + 0.15 +
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21



Figure 8 Residence time distributions of different sized biomass particles 0.278 mm (a), 0.344 mm (b),

and 0.426 mm (c)

The conversion rates of these different sized particles are comparedin Figure 9. The particle size has both
positive and negative effects on the conversion rate. On one hand, the small particles can be heated more
quickly and pyrolyzed faster than the larger particles. However, on other hand, the small particles has a
short residence time to be pyrolyzed. Here the results indicate that the influence of residence time is
stronger than the reaction kinetics and heat transfer speed. This means there is no need to further grind

the biomass particles for the purpose of achieving higher conversion rate.
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Figure 9 Conversion rate of different sized biomass particles
The conversion rate distributions of the three different size particles are also compared as shownin Figure
10. For large particles of 0.426 mm and 0.344 mm, only a few particles have a conversion rate lower than
80%. But for small particles of 0.278 mm, about 15% of the particles have a conversion rate lower than

80%. This is because smaller particles has a smaller residence time as discussed previously.
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Figure 10 Distribution of conversion rate of different sized biomass particles of different sized biomass

particles 0.278 mm (a), 0.344 mm (b), and 0.426 mm (c)

4.2.2. Validation of Simulation

It is difficult to measure the hydrodynamics in the pyrolysis reactor due to the high temperature. Since
our previous research (Lu et al., 2017a) has already proved the accuracy of the filtered drag model and

coarse grained CFD-DEM method, in this research, we compare our simulated biomass conversion rate
23



and generated species with experimental measurement. As shownin Figure 11, the conversion rateinthe
simulation is not perfectly matched with the experiment data. The differences may be due to several
reasons. Firstly, our calibration of heat transfer and reaction kinetics is based on the particle resolved
simulations of a single particle. However, in a fluidized bed, the particles are not uniformly distributed.
Secondly, the biomass particles have complex shapes and porosities and mayagglomerate or breakin the
reactor. In the simulation, biomass particles are represented by spheres. Lastly, other minor factors may

alsoinfluence the results such as the viscosity and molecular weight of the bio-oil and bio-gas.
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Figure 11 Conversion rate of different sized biomass particles

5. Conclusions
This research proposed a new method to simulate the biomass pyrolysis reactor by coupling high fidelity

particle resolved simulations and particle unresolved simulations. The main findings are:
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(1) The effect of different feedstock can be considered by calibrating the heat transfer coefficient and
reaction kinetics using particle resolved simulations as a benchmark.

(2) The computation cost of tracking millions of polydisperse particles can be reduced by using a
coarse grained CFD-DEM method.

(3) The different fluidization properties of the sand and biomass particles are reflected by using a
combination of Syamlal-O’Brien drag model for sand particles andfiltered drag model for biomass
particles.

(4) This method can be used to investigate the influence of fluidization gas, biomass feedstock, and

temperature on the pyrolysis reactor.
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