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Abstract 14 

In reactor-scale CFD modeling of biomass pyrolysis with thermally-thick particles, 15 

zero-dimensional (0D) models coupled with lumped kinetics are commonly used, as they are 16 

simple and computationally efficient. However, intra-particle heat transfer, which cannot be 17 

directly implemented in 0D models, has significant effects on pyrolysis behaviors of thermally-18 

thick biomass particles. Additionality, lumped kinetics usually fails to predict detailed 19 

composition of pyrolysis products. To overcome these issues, a widely-used one-dimensional 20 

(1D) model that can directly incorporate intra-particle heat transfer was employed with a 21 

detailed pyrolysis kinetics in this work to develop a corrected 0D (Cor-0D) model for accurate 22 

CFD modeling of biomass pyrolysis inside thermally-thick particles. Correction coefficients of 23 

external heat transfer, particle diameter, and pyrolysis reactions were introduced by comparing 24 

predictions of the 1D model with those of the 0D model quantitatively to reflect the effects of 25 

respective factors. The comparison demonstrates that if correction coefficients are properly 26 

determined, predictions of the developed Cor-0D model are in good agreement with 27 

experimental data as well as those of the employed 1D model under various conditions, while 28 

the 0D model overestimates mass loss rate and particle heating rate for thermally-thick biomass 29 

particles. Considering that correction coefficients are case dependent and determination of their 30 

values are tedious, artificial neural network (ANN) was used to correlate correction coefficients 31 

as functions of convective heat transfer coefficient, particle size, gas temperature, moisture 32 
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content, and particle’s dimensionless temperature to derive an ANN-Cor-0D model. Results 33 

show that the ANN-Cor-0D model has the same performance as the Cor-0D model. 34 

Keywords: Biomass pyrolysis; Thermally-thick particle; Intra-particle heat transfer; Detailed 35 

pyrolysis kinetics; Artificial neural network; Zero-dimensional model 36 

1. Introduction 37 

As an alternative to fossil fuels for reducing greenhouse gas emissions, converting 38 

biomass into bioenergy has attracted great attention in recent years [1-4]. Pyrolysis, gasification, 39 

and combustion are the main approaches for converting biomass into bioenergy [1, 2]. Among 40 

these three approaches, pyrolysis is viewed as one of the most promising technologies as it 41 

produces high energy-density bio-oil and biochar from low energy-density raw biomass [5, 6]. 42 

Moreover, pyrolysis is the first step of both gasification and combustion, and thus has 43 

significant effects on subsequent subprocesses (such as char conversion) [2, 7]. Therefore, 44 

increasing understanding of inherent underlined mechanisms of biomass pyrolysis is of 45 

paramount importance and prerequisite to develop advanced techniques to harness the 46 

horsepower of bioenergy. As biomass pyrolysis is always operated in reactors, revealing 47 

intrinsic physicochemical characteristics inside reactors is critical [8]. 48 

Due to the complex nature of multiscale transport-reaction coupling [8, 9], revealing 49 

intrinsic physicochemical characteristics of reactor-scale biomass pyrolysis poses great 50 

challenge to pure experimental techniques. With the rapid advances in computational capability, 51 

computational fluid dynamics (CFD) has been increasingly employed in scientific studies and 52 

engineering applications of reactor-scale biomass pyrolysis, and viewed as an indispensable 53 

complement to experimental investigations [2, 10]. A specific feature of raw biomass is that 54 

biomass feedstock is relatively difficult to be crushed to be small particles (less than 0.5 mm) 55 

and thermal conductivity of biomass is typically low (e.g., 0.2 W/m/K) [11]. Therefore, Biot 56 

number of usually encountered biomass particles is usually far higher than 0.1 (the value to 57 

define the so-called thermally-thin regime). For pyrolysis of thermally-thick biomass particles, 58 

intra-particle transport processes, especially intra-particle heat transfer, have significant effects 59 

on pyrolysis behaviors [12-14]. Thus, to include the effects of intra-particle transport processes, 60 

in most cases a one-dimensional (1D) model is typically required in CFD modeling of biomass 61 

pyrolysis to consider such effects [3, 15-18]. 62 

However, implementing 1D model in reactor-scale CFD modeling of biomass pyrolysis 63 

with thermally-thick particles is either complicated or computationally expensive. If the Euler-64 

Euler multi-fluid model (MFM)[19-21] is used, as solid phases are treated as continua, 65 
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establishing 1D intra-particle transport equations in the Eulerian diffusion-convection 66 

formulation of solid conservation equations is, even if impossible, rather complicated. On the 67 

other hand, though implementing 1D intra-particle transport equations in the Euler-Lagrange 68 

CFD-DEM model [22, 23] is straightforward, each individual biomass particle needs to be 69 

discretized with a large number of grid points (e.g., 50) to obtain accurate intra-particle 70 

information (such as local distributions of temperature and pyrolysis rate) [14, 24-27]. Lu et 71 

al.[17] found that computational efficiency using a zero-dimensional (0D) model without 72 

explicit solving intra-particle processes is more than one order of magnitude faster than that 73 

using a 1D model. Papadikis et al. [25, 26] also found that computational cost significantly 74 

increases when a 1D model is used. Thus, 0D models are still highly favored in reactor-scale 75 

CFD modeling of biomass pyrolysis with thermally-thick particles [1]. 76 

Compared with CFD-DEM, MFM is more feasible for CFD modeling of reactor-scale 77 

biomass pyrolysis, especially for reactors with large dimensions. Thus, it is urgent to improve 78 

0D models for use in MFM to guarantee both modeling speed and accuracy. So far, a few 79 

studies have attempted to improve modeling accuracy of 0D models for future use in MFM. 80 

Dong et al.[28] proposed an indirect method to modify reaction-rate constants to account for 81 

the influence of intra-particle heat transfer. Zhong et al. [29] adopted a similar method to 82 

investigate the effects of intra-particle heat conduction. Joakim et al. [30] attempted to modify 83 

a 0D model with kinetic parameters derived from a 1D model. This idea was also adopted by 84 

Anna et al. [31], while an interface-based model other than a 1D model was used [32]. Their 85 

results show that performance of 0D models is improved by the above-mentioned 86 

modifications. However, it can be found that those studies neglect a very important aspect, i.e., 87 

the effects of intra-particle transport processes on external transport processes, which for 88 

example results in predicting faster but lower pyrolysis rate than actual values at beginning and 89 

end of biomass pyrolysis respectively because external heat transfer is overestimated [30]. Our 90 

previous study also revealed that intra-particle heat transfer has significant effects on external 91 

heat transfer [33]. To this end, a heat transfer corrected isothermal model was proposed in our 92 

previous work [24] as a preliminary attempt to account for the effects of intra-particle transport 93 

processes on both external transport processes and reaction behaviors. In this work, external 94 

heat transfer, drying rate, and pyrolysis rate were all corrected by correction coefficients as 95 

binary functions of convective heat transfer coefficient and dimensionless particle temperature 96 

(Tp – Tp0)/(Te – Tp0) (Tp is particle temperature, Tp0 is initial particle temperature, and Te is 97 

equilibrium temperature). The corrected isothermal model shows comparable prediction 98 

accuracy as that of the referred 1D model for both thermally-thin and thermally-thick particles, 99 
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but with much faster modeling speed. Thus, this effort opens up the gate to establish a paradigm 100 

to derive efficient and accurate 0D models from 1D models for reliable MFM of reactor-scale 101 

biomass pyrolysis. However, as only two parameters (i.e., convective heat transfer coefficient 102 

and dimensionless particle temperature) were considered in this work [24], applicability of the 103 

derived corrected isothermal model is rather limited because typically encountered variations 104 

of particle’s physicochemical properties and operating conditions such as particle diameter and 105 

moisture content cannot be included. 106 

It is also worth noting that corrected coefficients proposed in our previous work [24] 107 

are case dependent with prescribed operating parameters (such as gas/wall temperature, particle 108 

size, and moisture content). But if full-range applicable corrected coefficients covering desired 109 

value ranges for different operating parameters are directly determined by calculations from 110 

1D models, computational overhead is huge and may even become unaffordable. With the rapid 111 

development of artificial intelligence, machine learning (ML) has shown great potential to 112 

significantly reduce computational efforts to determine full-range applicable surrogate models 113 

[34-36]. Using particle-resolved direct numerical simulation to solve intra-particle transport 114 

processes, Lu et al. [34] used ML to correlate corrected coefficient of heat transfer as a function 115 

of particle’s physicochemical properties and surrounding conditions, where much 116 

computational time was saved. This undoubtedly proves that ML should be also applicable to 117 

derive efficient and accurate 0D models from 1D models for reliable MFM of reactor-scale 118 

biomass pyrolysis. 119 

In this study, the method proposed in our previous work [24] was first extended to 120 

include particle’s typical physicochemical properties and operating conditions to derive a more 121 

appliable corrected 0D (Cor-0D) model. Then, the 0D, Cor-0D, and 1D models were 122 

comprehensively evaluated by experimental data from literature, including both dry and wet 123 

biomass feedstocks under various physicochemical and operating conditions. Finally, ML was 124 

applied to correlate derived correction coefficients as functions of particle’s physicochemical 125 

properties and operating conditions, which can be used in MFM as well as CFD-DEM of 126 

reactor-scale biomass pyrolysis. It should be noted that in our previous work [24], a lumped 127 

simple pyrolysis kinetics was adopted. However, lumped simple pyrolysis kinetics is not able 128 

to give information of compositions of gaseous, liquid, and solid products, which are usually 129 

highly necessary in practical applications. Thus, a detailed and validated pyrolysis kinetics 130 

based on the sum of macro-components (i.e., cellulose, hemicellulose, lignin) [3, 5, 17, 27, 34, 131 

37] was used in this study. 132 
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2. The employed detailed pyrolysis kinetics 133 

The detailed kinetic scheme proposed by Debiagi et al. [37], as shown in Fig. 1, was 134 

employed to describe pyrolysis reactions in this work. In this kinetics, biomass is modeled by 135 

compositions of cellulose (CELL), hemicellulose (hardwood (XYHW), softwood (GMSW), 136 

grass (XYGR), lignin (hydrogen-rich lignin (LIGH), oxygen-rich lignin (LIGO), and carbon-137 

rich lignin (LIGC)), and hydrophobic (TGL) and hydrophilic (TANN) extractive components. 138 

In addition, carbonaceous residue defined as char and “metaplastic” phase (G{X}s) where 139 

volatiles are trapped inside the biochar is included. In this kinetics, 32 reactions and 58 species 140 

are involved, and elemental analysis can be used to determine compositions of macro-141 

components when experimental data are not available. The source code to determine 142 

compositions of macro-components is available on GitHub along with an online tool [38]. 143 

Detailed information on this detailed kinetics can be found in Table S1 in the Supplementary 144 

Materials. 145 

 146 

Fig. 1. An illustration of the detailed pyrolysis kinetics reported by Debiagi et al.[37]. Except 147 

for moisture and ash, physical properties of other solid species were assumed to be the same 148 

as those of raw biomass. 149 

 150 
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3. Reducing 1D model to 0D model 151 

3.1. The role of intra-particle heat transfer on external heat transfer 152 

To better demonstrate the purpose of deriving Cor-0D models, the role of intra-particle 153 

heat transfer on external heat transfer of thermally-thick biomass particles is first discussed. 154 

Figure 2 shows the difference in external heat transfer determined by a 0D and 1D model. In 155 

all 0D models, uniform temperature distribution inside biomass particles is assumed, while 1D 156 

models resolve temperature gradient inside biomass particles considering intra-particle heat 157 

transfer. Therefore, the difference between 0D and 1D models can be used to explain the effects 158 

of intra-particle heat transfer on pyrolysis behaviors for a thermally-thick biomass particle. The 159 

driving force of external heat transfer is temperature difference between particle surface and 160 

gas/wall. Considering a thermally-thick particle with the same volume-averaged temperature 161 

Tp,ave predicted by 0D and 1D models, particle’s surface temperature Ts is equal to both Tp,0D   162 

and Tp,ave in 0D models. However, there is temperature gradient inside thermally-thick biomass 163 

particles, as demonstrated by 1D models. When heating by external environment, Ts is larger 164 

than Tp,ave and Tp,1D. Therefore, external heat transfer would be overestimated by 0D models. 165 

Considering that pyrolysis rate is strongly determined by intra-particle temperature distribution, 166 

intra-particle heat transfer is expected to play an important role in pyrolysis for thermally-thick 167 

biomass particles. 168 

 169 

Fig. 2. The effects of intra-particle heat transfer on external heat transfer. q0D and q1D are 170 

external heat flux predicted by 0D and 1D models, respectively. Tp,1D is intra-particle 171 

temperature profile which is solved by 1D models. Ts is particle’s surface temperature. 172 

Obviously, Tp,1D is not the same as Tp,ave and Ts is larger than Tp,ave. To obtain Tp,ave of 1D 173 

models, a volume-averaged method should be used. For 0D models, since there is no 174 

temperature gradient, Tp,0D is equal to Ts as well as Tp,ave. 175 
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 176 

For 0D models, density ρi,0D and reaction rate Ri,0D of solid species i are uniform 177 

throughout the whole particle. However, density ρi,1D and reaction rate Ri,1D of solid species i 178 

are remarkably inhomogeneous inside the particle in 1D models. The effects of intra-particle 179 

heat transfer on pyrolysis reaction rates can be schematically presented by three stages as 180 

shown in Fig. 3. Stage I is the early stage when Tp,ave is smaller than Tp,crit (named as critical 181 

particle temperature when Ri,0D is equal to Ri,aver,1D). At this stage, in 1D models, Ts is relatively 182 

high while Tp,ave is still relatively low. Therefore, Ri,0D is much smaller than Ri,ave,1D. In Stage 183 

II, Ri,0D is equal to Ri,ave,1D. In Stage III, Tp,ave is larger than Tp,crit. At this stage, pyrolysis almost 184 

completes as shown in the 1D model, while pyrolysis is still occurring throughout the particle 185 

in the 0D model. Thus, Ri,0D is larger than Ri,ave,1D. Overall, intra-particle heat transfer indeed 186 

has significant effects on pyrolysis process for thermally-thick biomass particles. 187 

 188 

Fig. 3. The effects of intra-particle heat transfer on density and reaction rate of solid species i. 189 

 190 
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3.2. 0D model 191 

The 0D model assumes that temperature is evenly distributed inside the particle. 192 

Therefore, the heat balance equation (Eq. (1)), mass balance equation (Eq. (2)), and reaction 193 

rate regarding solid species i are determined for the whole particle, where external heat transfer 194 

flux is given in Eq. (3). Particle shrinkage is described as a function of overall conversion extent 195 

as shown in Eq. (4), where the shrinkage coefficient is assumed to be 0.3 which is typical for 196 

biomass pyrolysis [5]. 197 
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  ,0D 0 ,0D1p p pd d X   (4) 201 

In these equations, Cp (J/(kgK)) and p (kg/m3) are specific heat capacity and particle density, 202 

respectively. Subscripts B, C, A, and W are raw biomass, char, ash, and moisture, respectively. 203 

Hj (J/Kg) is heat of reaction j. rj (kg/(m3s) is reaction rate of reaction j. dp,0D (m) is particle 204 

diameter, and dp0 (m) is initial particle diameter. Vp,0D (m3) is volume of particle and Ap,0D is 205 

particle’s external surface aera (m2), which can be directly calculated by dp,0D. q0D (W/m2/s) is 206 

external heat flux. t (s) is time and hc (W/m2/K) is convective heat transfer coefficient.  and  207 

are the emissivity (0.85) and Stefan-Boltzmann constant (5.6704×10-8 J/(m2K4s)), 208 

respectively.  is particle shrinkage coefficient (0.3). Xp,0D is extent of particle conversion 209 

defined as (m0-mt)/m0 where m0 is initial mass and mt is mass at time t. Pyrolysis reaction rate 210 

of reaction j is determined by Eq. (5) as 211 

 ,0D ,0D ,0Dj j pR r V  (5) 212 

3.3. 1D model 213 

The 1D model that has been used in our previous study [5] was employed in this study. 214 

Both intra-particle and external heat transfer are accounted in the model. The heat balance 215 

equation is given in Eq. (6) as 216 
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where eff (W/m/K) is effective thermal conductivity. r (m) is radial position within particle. 218 

rj,1D (kg/m3/s) is local reaction rate of reaction j. The mass balance of ρi,1D in a control volume 219 

is given in Eq. (7) as 220 
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where V (m3) is the control volume used in the finite volume method. 222 

Boundary conditions are described in Eq. (8) and Eq. (9) as 223 
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The initial conditions are 226 

      ,1D 0 1D 0 ,1D 00, , 0, , 0p p i i p pT r T r d d   ，
  (10) 227 

Heat flux is given in Eq. (11) as 228 

    4 4

1D c g s w sq h T T T T     (11) 229 

Total reaction rate of reaction j is determined by volume integration as 230 
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where R (m) is particle radius, which can be determined from dp,1D. Tp,ave,1D and i,ave,1D are 232 

given in Eq. (13) and Eq. (14) as 233 
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Particle shrinkage is considered as a sum of each grid as 236 
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    (15) 237 

where N is the number of grid and rk is grid size of the kth grid. 238 

3.4. Corrected 0D model (Cor-0D model) 239 

The main difference between 0D and 1D models is that intra-particle heat transfer is 240 

ignored in 0D models but it is accounted in 1D models. Therefore, the effects of intra-particle 241 

heat transfer were analyzed by comparing external heat transfer flux and reaction rates 242 

determined by the 0D and 1D models. In this work, the method proposed in our previous work 243 

[24] was adopted. Assuming the same volume-averaged particle temperature, density of solid 244 

species, particle volume for both the 0D and 1D models (namely, Tp,ave,1D = Tp,0D, i,ave,1D = 245 

i,0D, and Vp,0D = Vp,1D), difference of external heat transfer flux and reaction rates between the 246 

0D and 1D models can be determined as 247 
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  (17) 249 

where HT and HR,j are correction coefficients for external heat transfer flux and reaction rate of 250 

reaction j, respectively. Because particle shrinkage of the 0D model is determined by total 251 

particle conversion but that of the 1D model depends on local conversion, there will be obvious 252 

difference in particle diameter even with the same total particle conversion and volume-253 

averaged particle temperature. Therefore, an extra correction coefficient is defined to describe 254 

the effects of intra-particle heat transfer on particle shrinkage as 255 
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Based on the defined correction coefficients, the heat balance equation of the 0D model 257 

corrected by HT is introduced in Eq. (19). In this way, the 1D model is reduced to a 0D model, 258 

which is called as corrected 0D model. 259 
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  (19) 260 

where subscript cor means the corrected 0D model. The mass balance equation has the same 261 

formula as Eq. (7), but reaction rate is modified with the correction coefficients for each 262 

reaction as 263 

 ,cor , ,0Dj R j jr H r  (20) 264 

Particle diameter is also modified with the correction coefficient HD as 265 

  ,cor 0 ,cor1p D p pd H d X   (21) 266 

where dp,cor is particle diameter obtained by the corrected 0D model. 267 

The mass balance equation of the corrected 0D model is given as 268 
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  (22) 269 

According to Eq. (16) as well as our previous studies [24, 33], the correction coefficients can 270 

be expressed as binary functions of  and hc under predefined conditions (i.e. biomass type, 271 

gas and wall temperature), because corresponding particle’s surface temperature and solid 272 

species density can be determined by Eq. (6) and (7) for a particle with Tp,ave,1D.  is a 273 

dimensionless temperature defined as 274 

 
,ave 0

0

p p

g p

T T

T T






  (23) 275 

With given Tg, Tw (when radiative heat transfer between wall and particle is included in 276 

the model), p0, dp0, Tp0, and element analysis of biomass and moisture content, the solution 277 

steps to obtain HT, HR,j, and HD are similar to that of our previous study [24]. In single particle 278 

experiments, hc can be estimated by the Ranz and Marshall equation [39] and it does change 279 

much during pyrolysis; therefore, as a fixed convective heat transfer coefficient is usually used 280 

in particle-scale modeling, correction coefficients could be reduced as functions of . The key 281 

steps to derive Cor-0D model are presented below. More details are given in Fig. 4. 282 

Step 1: With given input parameters, solve the 1D model to obtain Tp,1D, i,1D, and Ts. Then, 283 

Tp,ave,1D and i,ave,1D are determined by Eq. (13) and Eq. (14).  is calculated by Eq. (23). q1D, 284 
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Rj,1D, and dp,1D are obtained through Eq. (11), Eq. (12), and Eq. (15), respectively. In this way, 285 

a series of data (, q1D, Rj,1D, dp,1D) are obtained for the given conditions. 286 

Step 2: Assuming that the 0D model has the same volume-averaged particle temperature, 287 

average density of solid species i, and particle volume as those of the 1D model, q0D, dp,0D, and 288 

Rj,0D are determined by Eq. (3), Eq. (4), and Eq. (5), respectively. Based on the results, a series 289 

of data (, q0D, Rj,0D, dp,0D) are obtained. 290 

Step 3: Based on the data from the 0D and 1D models, HT, HR,j, and HD are determined by Eqs. 291 

(16)-(18), respectively. To ensure numerical stability, HT is specified as 1 when  is smaller 292 

than 0.001 and larger than 0.999, and HR,j is specified as 1 when Rj,0D is less than 10-6. 293 

With the obtained correction coefficients, a linear interpolation method was used to fit 294 

HT and HR,j, and HD as functions of  [40]. 295 

 296 

Fig. 4. The solution steps to obtain HT, HR,j, and HD for the corrected 0D model. 297 

 298 

3.5. Physicochemical properties 299 

Table 1 shows the summary of physicochemical properties used in this study. Effective 300 

heat conductivity (eff) of biomass particle is expressed as a sum of conduction in solid phase 301 

(s), gas phase (gg), liquid moisture (WW), and radiative conduction (r) [30]. Both thermal 302 

conductivity of solid phase and particle’s pore diameter are assumed to be functions of 303 
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pyrolysis degree () [15] which is defined as biomass density divided by initial biomass dry 304 

density. 305 

Table 1. A summary of physicochemical properties used in this study. 306 

Parameters Units Description Expressions Ref. 

B W/(mK) Dry biomass conductivity Different values for different wood types - 

C  W/(mK) Char conductivity Different values for different wood types - 

W W/(mK) Water conductivity 0.278+1.110-3Tp [41] 

g W/(mK) Gas conductivity 0.0258 [30] 

r  W/(mK) Radiative conductivity dporeTp
3/ [15] 

dporeB m Wood pore diameter 5.0×10-5 [3] 

dporeC m Char pore diameter 1.0×10-4 [3] 

 - Pyrolysis degree B/B0 [3] 

dpore m Average pore size dporeC +(1-)dporeB [15] 

g - Particle porosity 
1 −

𝐵 + 𝐶 + 𝐴 + 𝑊
𝑟𝑒𝑎𝑙

 
- 

s W/(mK) Solid conductivity C +(1-)B [15] 

eff  W/(mK) Effective conductivity gg+s+W W/real + r [30] 

CpC J/(kgK) Char heat capacity 420+2.09Tp+6.8510-4Tp
2 [41] 

CpB J/(kgK) Wood heat capacity 1500+Tp [41] 

CpW J/(kgK) Water heat capacity 4180 [42] 

CpA J/(kgK) Ash heat capacity 754+0.586(T-273) [41] 

vapH J/kg Heat of vaporization 1000(3179-2.5Tp) [30] 

dsH J/kg Heat of desorption 
0.4𝑣𝑎𝑝𝐻(1 −

𝑌𝑊
𝑌𝑓𝑠𝑝

)

2

 
[30] 

H32 J/kg Heat of water drying vapH, (Yw>Yfsb) 

vapH+dsH (YWYfsb) 

[30] 

Yfsb - Fiber saturation point Max(Yfsb=0.598-0.001Tp, 0.2) [30] 

 - Emissivity 0.85 [15] 

 J/(m2K4s) Stefan-Boltzmann 

constant 

5.6704×10-8 [15] 

dp m Particle diameter dp0(1-) [5] 

 - Particle shrinkage 

coefficient 

0.3 [5] 

Xp - Particle conversion 1 −
𝑚𝑡

𝑚0
 

- 

hc W/(m2K) Convective heat transfer 

coefficient 

Ranz and Marshall equation  [39] 

Note: dp0 is initial particle diameter (m), m0 is initial particle mass (kg), and mt is particle mass 307 

(kg) at time t. B0 is the initial biomass dry density (kg/m3). 308 

 309 
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3.6. A short discussion of the correction coefficients 310 

To show the effects of pyrolysis regime on correction coefficients, different dp0 311 

(thermally-thin particle (0.1 mm), transition regime (1 mm), and thermally-thick particle (5, 10, 312 

20 mm)) were selected. Initial mass fraction (given in captions of Fig. 5) of macro-components 313 

of maple wood with density of 630 kg/m3 was selected in the study [43]. Figure 5(a) shows the 314 

effects of dp0 on HD. For the thermally-thin particle (0.1 mm) which can be regarded as an 315 

isothermal particle, HD is close to 1 at various . With the increases in dp0, HD is larger than 1 316 

in most regions, and the maximum value is up to 1.12 for the thermally-thick particle with dp0 317 

= 20 mm, indicating that particle shrinkage predicted by the 0D and 1D models for thermally-318 

thick particles is quite different. Figure 5(b) presents the dependence of HT on dp0 at various . 319 

When dp0 = 0.1 mm, HT is almost equal to 1, indicating that the 0D model is sufficient to 320 

describe pyrolysis of thermally-thin particles. However, HT decreases with the increases in dp0, 321 

and it can be less than 0.2 for the thermally-thick particle with dp0 = 20 mm, indicating that 322 

external heat transfer predicted by the 0D and 1D models are significantly different for 323 

thermally-thick particles. At the start of heating ( = 0) and end of pyrolysis ( = 1), both HD 324 

and HT are equal to 1.0, because there are no gradients of temperature and solid species density 325 

inside particle. For 0 <  < 1, HT is smaller than 1, which is in good agreement with the 326 

theoretical analysis as shown in Fig. 2. 327 

 328 

Fig. 5. Correction coefficients of heat flux and particle diameter for particles with different 329 

dp0 (0.1, 1, 5, 10, 20 mm). (Conditions: Tg = Tw = 1276 K, hc = 20 W/m2/K, B = 0.1937 330 

W/m/K, C = 0.1405 W/m/K, B0 = 630 kg/m3, Tp0 = 303 K; Initial mass fraction of macro-331 

components:  XCELL = 0.3829, XGMSW = 0.0000, XXYHW = 0.2080, XXYGR = 0.0000, XLIGC = 332 
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0.0511, XLIGH = 0.2553, XLIGO = 0.0872, XTGL = 0.0000, XTANN = 0.0000, Xash = 0.0155, Xw = 333 

0.0000) 334 

 335 

Figure 6 shows correction coefficients of some selected reactions for different dp0 at 336 

various . For the thermally-thin particle (0.1 mm), values of correction coefficients are close 337 

to 1, indicating that intra-particle heat transfer has insignificant effects on pyrolysis reaction 338 

rate. However, for the particles within the thermally-thick regime or the transition regime, 339 

reaction rates predicted by the 0D and 1D models are significantly different. For all reactions, 340 

HR,j first increases with the increase of  and is larger than 1. After reaching the peak value, 341 

HR,j decreases with the increase of . It is worth noting that there are critical values for  when 342 

reaction rate predicted by the 1D model equals to that of the 0D model. With further increase 343 

of , HR,j increases and finally reaches 1, due to the fact that reactant is almost reacted. The 344 

trends of these correction coefficients are in good agreement with the discussions in Section 345 

3.1. 346 
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 347 

Fig. 6. Correction coefficients of some selected reactions for particles with different dp0 (0.1, 348 

1, 5, 10, 20 mm). The input parameters are the same as those in Fig. 5. 349 

 350 

Figure 7 shows densities of selected solid species, particle temperature, and particle 351 

diameter predicted by the 1D, corrected 0D, and 0D models for the 20 mm particle at 1276 K. 352 

For all selected solid species (i.e. CELL, XYHW, LIGH, G{COH2}Loose), density profiles 353 

predicted by the corrected 0D model are exactly the same as those of the 1D model, while the 354 

0D model predicts lower reaction (i.e. CELL, XYHW, LIGH)/generation (i.e. G{COH2}Loose, 355 

G{COH2}stiff) rates at the beginning and higher ones at the later stage, and peak densities of 356 

G{COH2}Loose and G{COH2}stiff are much higher than those of the 1D model. Therefore, HR,j 357 

larger than 1 at the beginning and less than 1 at the later stage indeed improves performance of 358 

the corrected 0D model. For particle temperature, the 0D model gives higher value than that of 359 

the 1D model, because of the larger external heat transfer as discussed in Fig.2. The corrected 360 
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0D model gives quite a similar particle temperature profile as that of the 1D model. In addition, 361 

the particle diameter profiles predicted by the corrected 0D model are almost the same as those 362 

of the 1D model. 363 

 364 

Fig. 7. Densities of selected solid species (a-d), particle average temperature (e), and particle 365 

diameter (f) predicted by the 1D, corrected 0D, and 0D models for the 20 mm particle. The 366 

input parameters are the same as those in Fig. 5. 367 

 368 

4. Model validation 369 

To evaluate performance of the corrected 0D model under various conditions, the 370 

experimental data of Park et al. [43] with various Tg, Atreya et al. [44] with various dp0 and 371 

Tg/Tw, Lu et al. [45] with various moisture content, and Luo et al. [15] with various moisture 372 

content, wood type, and Tg were selected for comparison in this study. 373 

4.1. Case 1:  Experimental data of Park et al. [43] 374 

In the experiment of Park et al. [43], 24.5 mm maple wood (hardwood) particle was 375 

used in a single particle furnace. B0 is 630 kg/m3. Tg was in the range of 585-820 K, and Tw 376 
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was slightly higher than furnace temperature. Both particle’s center and surface temperature 377 

and mass loss history were measured in the experiment. hc was estimated to be 20 W/m2/K [43]. 378 

Corbetta et al. [46] used a 1D model with a detailed kinetic scheme to model the experiment, 379 

and the parameters of physical properties are the same. In our 1D model, particle shrinkage 380 

was considered. Details of the experiment of Park et al. [43] are summarized in Table 2. 381 

Table 2. Physicochemical properties and operating conditions of the experiments of Park et 382 

al.[43]. 383 

Description Symbol value 

Diameter (mm) dp0 24.5 

Biomass dry density (kg/m3) B0 630 

Biomass conductivity (W/m/K) B 0.1937 

Char conductivity (W/m/K) C 0.1405 

Macro-components 

Moisture content (dry basis) XW 0.0000 

Cellulose XCELL 0.3829 

GMSW(Hemicellulose) XGMSW 0.0000 

XYHW(Hemicellulose) XXYHW 0.2080 

XYGR(Hemicellulose) XXYGR 0.0000 

LIGC(Lignins) XLIGC 0.0511 

LIGH(Lignins) XLIGH 0.2553 

LIGO(Lignins) XLIGO 0.0872 

TGL(Extractives) XTGL 0.0000 

TANN(Extractives) XTANN 0.0000 

Ash Xash 0.0155 

Gas temperature (K) Tg 585/635/670/720/770/820 

Wall temperature (K) Tw 638/688/736/783/831/879 

Initial temperature (K) Tp0 303 

Convective heat transfer coefficients (W/m2/K) hc 20 

 384 

Figure 8 shows mass loss measured by Park et al. [43] and predictions using the 0D, 385 

Cor-0D, and 1D models. For the 0D model, mass loss rate is overestimated for all temperature 386 

conditions, as intra-particle heat transfer is ignored. Moreover, the relative derivation between 387 

experiment and model predictions increases with the increases in Tg. The reason is that radiative 388 

heat transfer significantly increases with the increases in Tw. For the 1D model, predictions are 389 

generally in good agreement with the experimental data, which only slightly underestimates 390 
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mass loss rate at low Tg (Tg = 585 K). For the Cor-0D model, predictions are almost the same 391 

as those of the 1D model. As compared to the 0D model, accuracy of the Cor-0D model is 392 

significantly improved, indicating that the Cor-0D model can well capture the effects of intra-393 

particle heat transfer on pyrolysis reaction rate. 394 

 395 

Fig. 8. Comparison of mass loss among Park et al. [43] and different models. 396 

 397 

Figure 9 shows the comparison of temperature among Park et al. [43] and different 398 

models. For the 0D model, particle heating rate is overestimated, and particle temperature is 399 

even larger than the measured particle’s surface temperature for the following conditions: Tg = 400 

720 K, 770 K, and 820 K. Since the 0D model overestimates external heat flux, particle 401 

temperature predicted by the 0D model is larger than that of the 1D model for all conditions. 402 

Considering that pyrolysis kinetics highly depends on particle temperature, the overestimated 403 

external heat flux is the main reason for overestimating pyrolysis rate when the 0D model is 404 

used. For the 1D model, particle’s center and surface temperature are generally in good 405 

agreement with the experimental data. The peak value of particle’s center temperature at low 406 

Tg (i.e., Tg = 635 K, 670 K, and 720 K) caused by exothermic reactions is not correctly predicted 407 

by the 1D model, but this has very limited effects on predicting mass loss history. The reason 408 

is that the peak of particle’s center temperature is not significantly larger (< 50 K) than that of 409 

the equilibrium temperature. One may revise enthalpies of pyrolysis reactions as functions of 410 

temperature to fit temperature profiles at low temperature conditions [3, 13], instead of using 411 

a constant value in this study. For the Cor-0D model, particle temperature profiles predicted by 412 

the Cor-0D model are almost the same as those of the 1D model, which is also located between 413 

the particle’s surface and center temperature, indicating that the Cor-0D model can well capture 414 

the effects of intra-particle heat transfer on external heat transfer. 415 
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 416 

Fig. 9. Comparison of temperature among Park et al.[43] and different models. For the 1D 417 

model, both particle’s center and surface temperature are available, and volume-averaged 418 

temperature of the 1D model is determined by Eq. (13). For the 0D and Cor-0D models, only 419 

particle temperature is shown in the figure, as intra-particle heat transfer is not solved. 420 

 421 

4.2. Case 2:  Experimental data of Atreya et al. [44] 422 

In the experiment of Atreya et al. [44], the wood type (maple wood) is the same as that 423 

of Park et al.[43], and three different dp0 (10 mm, 15 mm, and 20 mm) were selected. Tg and 424 

Tw varied from 743-1133 K and 738-1148 K, respectively. Other parameters of physical 425 

properties are the same as those of Case 1. Details of the experiment of Atreya et al. [44] can 426 

be found in Table 3. 427 

Table 3. Physicochemical properties and operating conditions of the experiment of Atreya et 428 

al. [44]. 429 

Description Symbol Atreya et al. [44] 

Diameter (mm) dp0 10/15/20 

Biomass dry density (kg/m3) B0 630 

Biomass conductivity (W/m/K) B 0.1937 

Char conductivity (W/m/K) C 0.1405 

Macro-components 

Moisture content (dry basis) XW 0.0000 

Cellulose XCELL 0.3829 

GMSW(Hemicellulose) XGMSW 0.0000 

XYHW(Hemicellulose) XXYHW 0.2080 

XYGR(Hemicellulose) XXYGR 0.0000 

LIGC(Lignins) XLIGC 0.0511 
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LIGH(Lignins) XLIGH 0.2553 

LIGO(Lignins) XLIGO 0.0872 

TGL(Extractives) XTGL 0.0000 

TANN(Extractives) XTANN 0.0000 

Ash Xash 0.0155 

Gas temperature (K) Tg 743/863/998/1133 

Wall temperature (K) Tw 783/908/1038/1148 

Initial temperature (K) Tp0 303 

Convective heat transfer coefficients (W/m2/K) hc 20 

 430 

Figure 10 shows mass loss history measured by Atreya et al. [44] and predictions using 431 

the 0D, Cor-0D, and 1D models. At Tg = 743 K, mass loss rate predicted by the 0D model is 432 

much faster than that of the experiment, and pyrolysis time is almost 100 seconds shorter than 433 

that measured by the experiment for a 20 mm particle. However, mass loss profiles predicted 434 

by the 1D model are generally in good agreement with the experimental data. As compared to 435 

the 1D model, the Cor-0D model almost gives the same predictions and significantly improves 436 

performance of the 0D model. At a higher Tg (e.g., Tg = 1133 K), mass loss rate is 437 

underestimated at the beginning stage and then overestimated at the later stage when a 0D 438 

model is used. However, predictions of both the 1D and Cor-0D models are similar and agree 439 

well with the experimental data. Generally, for all different dp0 and Tg, mass loss profiles 440 

predicted by the 1D and Cor-0D models are in much better agreement with the experimental 441 

data than those of the 0D model. 442 

 443 

Fig. 10. Comparison of mass loss among Atreya et al. [44] and different models. 444 

 445 
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4.3. Case 3: Experimental data of Lu et al. [45] 446 

In the experiment of Lu et al. [45], the wood type is polar wood, which is significantly 447 

different from maple wood and physicochemical properties (i.e., thermal conductivity of raw 448 

biomass and char) are significantly different [47]. Therefore, simulating the case of Lu et al. 449 

[45] can also evaluate performance of the Cor-0D model with different feedstocks. Tg and Tw 450 

are 1050 and 1276 K, respectively. dp0 is 9.5 mm. Moisture content of the polar wood are 6.38% 451 

(dry basis) and 66.67% (dry basis), respectively. hc is estimated by the Ranz and Marshall 452 

equation [39], which is approximately 29 W/m2/K. Details of the experiment of Lu et al. [45] 453 

can be found in Table 4. 454 

 455 

Table 4. Physicochemical properties and operating conditions of the experiments of Lu et al. 456 

[45]. 457 

Description Symbol Lu et al. [45] 

Diameter (mm) dp0 9.5 

Biomass dry density (kg/m3) B0 580 

Biomass conductivity (W/m/K) [23]  B 3.8(0.1941B0/1000+0.01864)/3.0 

Char conductivity (W/m/K) [15] C 0.071 

Macro-components [46] 

Moisture content (dry basis) XW 0.0638/0.6667 

Cellulose XCELL 0.4806 

GMSW(Hemicellulose) XGMSW 0.0000 

XYHW(Hemicellulose) XXYHW 0.2611 

XYGR(Hemicellulose) XXYGR 0.0000 

LIGC(Lignins) XLIGC 0.0214 

LIGH(Lignins) XLIGH 0.0957 

LIGO(Lignins) XLIGO 0.1325 

TGL(Extractives) XTGL 0.0000 

TANN(Extractives) XTANN 0.0000 

Ash Xash 0.0086 

Gas temperature (K) Tg 1050 

Wall temperature (K) Tw 1276 

Initial temperature (K) Tp0 298 

Convective heat transfer coefficients (W/m2/K) hc 29 

 458 
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Figure 11(a) shows the comparison of mass loss history among Lu et al. [45] and 459 

different models for a 9.5 mm particle with moisture content of 6.38% (dry basis). Mass loss 460 

profiles predicted by the 1D and Cor-0D models are slightly faster than those of the 461 

experimental data. However, it is much better than prediction of the 0D model. For particle 462 

temperature, as shown in Fig. 11(b), predictions of the Cor-0D model are generally in good 463 

agreement with those of the 1D model. However, temperature heating rate predicted by the 0D 464 

model is much faster than those of the 1D and Cor-0D models. For the 0D model, time to reach 465 

equilibrium temperature is about 15 seconds, which is much faster than that of the experimental 466 

data (35 seconds). For the case with high moisture content (66.67%), the 0D model provides a 467 

good prediction at the beginning when evaporation of moisture is occurring, as enthalpy of 468 

moisture evaporation is rather large and temperature rising rate is rather small, as shown in 469 

Fig.11(c) and (d). When drying is completed, mass loss rate is significantly overestimated by 470 

the 0D model, while the 1D and Cor-0D models still give reasonable predictions of mass loss 471 

profiles, indicating that the Cor-0D model is applicable to describe pyrolysis behaviors of the 472 

moisture wood particle. 473 

 474 

Fig. 11. Comparison of mass loss and temperature among Lu et al. [45] and different models. 475 

For the 1D model, both particle’s center and surface temperature are available, and volume-476 

averaged temperature of the 1D model is determined by Eq. (13). For the 0D and Cor-0D 477 

models, only particle temperature is shown in the figure, as intra-particle heat transfer is not 478 

solved. 479 

 480 
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4.4. Case 4: Experimental data of Luo et al. [15] 481 

To further evaluate whether the Cor-0D model is applicable in pulverized fuel 482 

combustion conditions, the experimental data of Luo et al. [15] was selected in this study. In 483 

the experiment, a single particle combustor designed for combustion studies of fuel particles 484 

with local conditions like those in pulverized fuel fired boilers was used. An individual wood 485 

particle is held by a 0.3 mm titanium wire on a ceramic sample probe and suspended in flue 486 

gas from hydrogen flame. Three types of wood (i.e., beech, bamboo, and pine) were selected 487 

as raw material to evaluate the effects of wood types on pyrolysis process. dp0 is around 4 mm. 488 

Mass of each wood particle was measured during the experiment and corresponding density 489 

was calculated. Range of B0 is 400-1200 kg/m3. To produce wetted wood particles with 490 

different moisture content, selected particles were submerged in deionized water. Then they 491 

were taken out and exposed to air to obtain a specified moisture content. The range of moisture 492 

content is 5%-60% (dry basis). The experiment was carried out in the single particle combustor 493 

with different Tg of 1487/1630/1673/1714/1481(wet test) K. hc is estimated by the Ranz and 494 

Marshall equation [39], which is approximately 155 W/m2/K. Macro-components can be 495 

estimated by the method reported by Debiagi et al.[48], as element analysis (C/H/O 496 

composition) was measured. Pyrolysis time is a sum of ignition and pyrolysis time, and the 497 

method to determine pyrolysis time be found in our previous work [49]. In the modeling, 498 

pyrolysis time was determined by particle temperature where 95% of the equilibrium 499 

temperature was reached, which is similar to that reported by Remacha et al. [50]. More details 500 

on the operating conditions and physical properties can be found in Table 5. 501 

 502 

Table 5. Physicochemical properties and operating conditions of the experiments of  Luo et 503 

al. [15]. 504 

Description Symbol Luo et al. [15] 

Beech Bamboo Pine 

Diameter (mm) dp0 4 

Biomass dry density (kg/m3) B0 400-1200 

Biomass conductivity (W/m/K) B 3.8(0.1941B0/1000+0.01864)/3.0 

Char conductivity (W/m/K) C 0.071 

Macro-components 

Moisture content (dry based) XW 0.0500-0.6000 

Cellulose XCELL 0.5007 0.3986 0.4362 
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GMSW(Hemicellulose) XGMSW 0.2197 0.0000 0.2370 

XYHW(Hemicellulose) XXYHW 0.0000 0.2767 0.0000 

XYGR(Hemicellulose) XXYGR 0.0000 0.0000 0.0000 

LIGC(Lignins) XLIGC 0.0378 0.0950 0.1034 

LIGH(Lignins) XLIGH 0.0366 0.0046 0.1340 

LIGO(Lignins) XLIGO 0.1422 0.1613 0.0530 

TGL(Extractives) XTGL 0.0204 0.0277 0.0329 

TANN(Extractives) XTANN 0.0366 0.0171 0.0015 

Ash Xash 0.0060 0.0190 0.0020 

Gas temperature Tg 1487/1630/1673/1714/1481(wet test) 

Wall temperature Tw 1287/1430/1473/1514/1281(wet test) 

Initial temperature Tp0 298 

Convective heat transfer coefficients (W/m2/K) hc 155 

 505 

Figure 12 shows the comparison of pyrolysis time among Luo et al. [15] and different 506 

models under various conditions. Tg are 1487/1630/1673/1714 K, respectively. Moisture 507 

content is 5.15% (dry basis). For the case with different Tg, pyrolysis time predicted by the 1D 508 

and Cor-0D models are in good agreement with the experimental data, while the 0D model 509 

underestimates pyrolysis time. The modeling results also show that pyrolysis time seems to 510 

increase linearly with the increase of B0, which is consistent to our previous study [15]. With 511 

the increase of B0, deviation between prediction by the 0D model and the experimental data 512 

increases. A similar conclusion can be drawn from the modeling results of pine and bamboo 513 

wood, which are given in Fig. S1 and S2 in the Supplementary Materials. These results indicate 514 

that the Cor-0D model is applicable to predict biomass pyrolysis at high temperature conditions. 515 
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 516 

Fig. 12. Comparison of pyrolysis time among Luo et al.[15] and different models under 517 

different Tg. The wood type is beech wood. Moisture content is 5.15% (dry basis). 518 

 519 

Figure 13 shows the comparison of pyrolysis time among Luo et al.[15] and different 520 

models for the beech wood particle with different moisture content. Moisture content varies 521 

from 5.15% to 59.83% (dry basis). Tg is 1481 K. As shown in Fig. 13, pyrolysis time predicted 522 

by the 1D and Cor-0D models is in good agreement with the experimental data. However, 523 

pyrolysis time predicted by the 0D model is much shorter than that of the experimental 524 

measurement. Both modeling and experiment show that pyrolysis time increases with the 525 

increase of moisture content, because moisture evaporation needs much heat. A similar 526 

conclusion can be drawn from the modeling results of pine and bamboo wood with different 527 

moisture content, which can be found in Fig. S3 and Fig. S4 in the Supplementary Materials. 528 

Considering the Cor-0D model gives a much better prediction than the 0D model for moisture 529 

wood, the Cor-0D model is also applicable to predict pyrolysis of wet biomass particles. 530 
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 531 

Fig. 13. Comparison of pyrolysis time among Luo et al.[15] and different models for wood 532 

particles with different moisture content. The wood type is beech wood. Flue gas temperature 533 

is 1481 K. 534 

5. ANN-based corrected 0D model 535 

As shown in Fig. 4, Tg, hc, dp0, and XW, etc., are predefined to determine corrected 536 

coefficients. Such treatment is a good approximation for single-particle pyrolysis experiments, 537 

because particle’s surrounding environment does not vary much during pyrolysis. However, 538 

surrounding environment of a particle in reactors usually changes obviously, resulting in 539 

significantly different hc and Tg. For example, boundary conditions (e.g., slip velocity, gas 540 

composition, gas temperature, solid concentration, etc.) of biomass particles dynamically 541 

change in fluidized bed reactors, meaning that hc also changes dynamically during pyrolysis 542 

[24]. Moreover, different feedstocks have different compositions, which has significant effects 543 

on pyrolysis and hence correction coefficients. Therefore, to determine correction coefficients 544 

for all possible conditions, relevant partial differential equations at each condition are required 545 

to be solved as shown in Fig. 4, which is quite time-consuming. In this work, to cover the 546 

above-mentioned parameters (i.e., Tg, hc, dp0, and XW, etc.) and reduce model complexity to 547 

determine correction coefficients, Step 1 to Step 3 in Section 3.4 are first executed for 548 

combination of selected parameters (i.e., hc, dp0, Tg, Xw) to obtain a data matrix of (hc, dp0, Tg, 549 

Xw, , HR,j, HT, HD). Then, the artificial neural network (ANN) was adopted to correlate 550 

correction coefficients as functions of (hc, dp0, Tg, Xw, ). In this way, the theoretical model is 551 

converted to a data-driven surrogate, which is relatively simple and expected to be easily 552 
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implemented in CFD. The ANN structure proposed in this work is shown in Fig. 14. The input 553 

layer has five parameters (hc, dp0, Tg, Xw, ). The output layer is correction coefficients for 554 

pyrolysis reactions, external heat transfer, and particle diameter. The number of neurons in the 555 

hidden layers was set to 20. The optimization method used in MATLAB is the default method 556 

of Levenberg–Marquardt. The activation function used by the hidden layers is the hyperbolic 557 

tangent function. The transfer function used by the output layer is a pure linear purlin function, 558 

which is an effective model building combination [51]. The database was divided into training 559 

(70%), validation (15%), and testing (15%), respectively. The mean squared error (MSE) and 560 

squared correlation coefficient were used to evaluate performance of the data-driven surrogate. 561 

 562 

Fig. 14. Structure of the five-layer ANN model for predicting corrected coefficients for the 563 

Cor-0D model. 564 

 565 

The cases selected to build the ANN model in this work are maple woods which are 566 

very typical under biomass pyrolysis, gasification, and combustion conditions. Values of Tg, 567 

hc, dp0, and Xw were randomly selected within the following ranges: 573 K  Tg  1673 K, 10 568 

W/m2/K  hc  1000 W/m2/K, 1 mm  dp0  30 mm, and 0.0  Xw  0.5, which covers typical 569 

conditions of woody biomass pyrolysis. The total case number is 100. Based on conditions of 570 

the selected cases, correction coefficients of each case could be determined as described in Fig. 571 

4, and the number of  is 1000 for one case. In this way, the database of hc, dp0, Tg, Xw, , HR,j, 572 

HT, and HD was obtained, and matrix size is 39 (5 input parameters plus 34 corrected 573 

coefficients)1001000. Considering that the range of HR,j may span dozens of magnitudes 574 
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(from -8 to 32) as shown in Fig. 5, natural logarithm was applied to HR,j before normalization. 575 

Then, the ANN was used to correlate the correction coefficients as functions of  hc, dp0, Tg, Xw, 576 

and . It is worth noting that that maple wood is hardwood and extractives were not included 577 

in the experiment of Park et al. [43]. Hence, the following correction coefficients, i.e., HR,5, 578 

HR,7, HR,19, HR,20, HR,21, and HR,29 were not included in the ANN and values of those parameters 579 

are 1 in the Cor-0D model. For all correction coefficients, MSE is smaller than 10-5 and R2 is 580 

larger than 0.999, indicating good performance of the proposed ANN. 581 

Figure 15 shows the comparison of ANN predictions with the actual values for four 582 

typical cases. Input parameters of the four typical cases are listed in Table 6. For particle 583 

diameter, correction coefficient predicted by the ANN model is slightly larger than that using 584 

the solution steps shown in Fig. 4 for low temperature conditions (Case #1 and #2), but the 585 

tendency still matches and the absolute relatively error is smaller than 5%. For Case #3 and #4, 586 

correction coefficient predicted by the ANN model is in good agreement with that using the 587 

solution steps shown in Fig. 4. For external heat transfer, correction coefficient predicted by 588 

the ANN model agrees well with that using the solution steps shown in Fig. 4, where only a 589 

slight error is observed when  is larger than 0.9. For the selected reactions (R1, R2, R6, R8, R10, 590 

R11, R12, R13, R14, R15, R16, R17, R18, R22, R23, and R32), correction coefficients predicted by the 591 

ANN model are in relatively good agreement with the actual values from the solutions steps in 592 

Fig. 4, although there are differences of about two orders of magnitude. To this end, it can be 593 

concluded that the ANN model proposed in this work is a reasonable data-driven surrogate for 594 

the solutions steps shown in Fig. 4. 595 

Table 6. Input parameters of the four typical cases used to evaluate the ANN predictions. 596 

Case number #1 #2 #3 #4 

Gas temperature Tg (K) 673 973 1273 1573 

Convective heat transfer coefficients hc (W/m/K) 20 80 200 800 

Particle size dp0 (mm) 20 15 10 5 

Moisture content XW (dry basis) 0.1 0.3 0.2 0.4 

 597 
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 598 

Fig. 15. The comparison of ANN predictions with the actual values for correction 599 

coefficients of particle diameter (a), external heat transfer (b), and some selected reactions 600 

(R1, R2, R6, R8, R10, R11, R12, R13, R14, R15, R16, R17, R18, R22, R23, and R32). Conditions of the 601 

four selected cases are given in Table 6. The straight line (Cor-0D) is correction coefficient 602 

determined through the solution steps shown in Fig. 4. The dashed line (ANN-Cor-0D) is 603 

correction coefficient determined from the ANN model shown in Fig. 14. 604 

 605 

To further evaluate performance of the ANN model, comparisons of mass loss history 606 

and particle temperature predicted by different models are shown in Fig. 16. Input parameters 607 

of the selected cases are given in Table 6. For all cases, mass loss rate predicted by the 0D 608 
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model is significantly faster than those of the other models, as shown in Fig.15(a), (c), (e), and 609 

(g). However, mass loss history predicted by the ANN-Cor-0D model is almost the same as 610 

those of the 1D and Cor-0D models. Similar results are observed for particle temperature. 611 

Heating rate predicted by the 0D model is significantly faster than those of the other models as 612 

shown in Fig. 16(b), (d), (f), and (h), because correction coefficient of external heat flux is 613 

smaller than 1. History of particle temperature predicted by the ANN-Cor-0D model is only 614 

slightly different from those of the 1D and Cor-0D models. Those results indicate that the ANN 615 

model is applicable to predict correction coefficients under various conditions. 616 

 617 

Fig. 16. Comparison of mass loss history and particle temperature among different models 618 

for the four typical cases. Input parameters of the four typical cases are given in Table 6. 619 
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6. Conclusions and future work 620 

In this work, a corrected 0D model (Cor-0D) coupled with a detailed pyrolysis kinetics 621 

was proposed for CFD simulation of pyrolysis of thermally-thick biomass particles. Correction 622 

coefficients of external heat transfer, particle diameter, and pyrolysis reactions were introduced 623 

by quantitatively comparing predictions of the 1D and 0D models, which aims to capture the 624 

effects of intra-particle heat transfer on pyrolysis behaviors. All models were evaluated with 625 

four experiments, which cover a wide range of particle size, gas temperature, moisture content, 626 

and wood type. The results show that the Cor-0D model shows better performance in predicting 627 

all pyrolysis behaviors than the 0D model with almost the same accuracy as the 1D model. 628 

Considering that correction coefficients are case dependent and their solutions are time-629 

consuming, the ANN model was adopted to correlate the correction coefficients as functions 630 

of convective heat transfer coefficient, particle size, gas temperature, moisture content, and 631 

particle’s dimensionless temperature to derive an ANN-Cor-0D model. Comparisons show that 632 

the ANN-Cor-0D model has the same performance as the Cor-0D model in predicting pyrolysis 633 

process for thermally-thick biomass particles. Since the ANN-Cor-0D model does not require 634 

solving partial differential equations but with good accuracy, it is expected that the ANN-Cor-635 

0D model will be an efficient and accurate sub-models for future use in reactor-scale CFD 636 

modeling of biomass pyrolysis. 637 
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Nomenclature 647 

Ap Particle surface area m2 

Cp Heat capacity of particle J/(kgK) 

dp Diameter of particle m 
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hc Convective heat transfer coefficient W/(m2K) 

HD Corrected coefficient for particle diameter  

HR,j Corrected coefficient for reaction j - 

HT Corrected coefficient for external heat transfer - 

Hj Heat of reaction j J/kg 

m Mass of particle kg 

q External heat flux J/(m2s) 

r Radius position m 

rj Reaction rate of reaction j kg/m3/s 

R Radius of biomass particle m 

Ri Net reaction rate of solid species i kg/m3/s 

Rj Reaction rate of reaction j of the whole particle kg/s 

t Time s 

Tg Gas temperature K 

Ts Particle surface temperature K 

Tp Particle temperature  K 

Tw Wall temperature K 

Vp Particle volume m3 

V Control volume used in the finite volume method m3 

Xp Particle conversion - 

 648 

Greek symbols 649 

 Emissivity - 

g Particle porosity - 

 Particle shrinkage coefficient  

 Conductivity W/(mK) 

 Dimensionless temperature - 

 Density kg/m3 

 Stefan-Boltzmann constant J/(m2K4s) 

   

Subscripts 650 

0 Initial conditions 

0D 0D model 

1D 1D model 

A Ash 

ave Particle volume-averaged 

B Raw biomass 
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C Char 

cor Corrected 0D model 

crit Critical particle temperature point when the reaction rate predicted by 

the 0D model equals to that of the 1D model 

g Gas phase 

i Solid species i 

j Reaction j 

p Particle 

s Particle surface 

t Value at time t 

w Reactor wall 

W Moisture 

  651 
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