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Abstract: A complex thermochemical process during biomass gasification includes many chemical
reactions. Therefore, a stoichiometric model can be applied to predict the composition of the producer
gas during gasification. However, the prediction of methane and hydrogen gas is still limited by
a significant margin using the present stoichiometric models. The purpose of this research was
to develop novel stoichiometric models that account for the reaction equilibrium constant with
correction factors. The new models would enable forecasting of the composition of CO, CO,, CHy,
Hj;, Ny, tar, lower heating value (LHV), and cold gasification efficiency (CGE). Model development
consisted of two stages, whereas the development of the models and their validation adopted an
artificial neural network (ANN) approach. The first stage was calculating new correction factors and
defining the new equilibrium constants. The results were six stoichiometric models (M1-M6) with
four sets of correction factors (A-D) that built up the new equilibrium constants. The second stage
was validating the models and evaluating their accuracy. Validation was performed by the Root Mean
Square Error (RMSE), whereas accuracy was evaluated using a paired t-test. The developed models
predicted the composition of the producer gas with an RMSE of less than 3.5% and AH-value of less
than 0. The models did not only predict the composition of the producer gas, but they also predicted
the tar concentration. The maximum tar concentration was predicted by M2C with 98.733 g/Nm? at
0/C 0.644, H/C 1.446, ER 0.331, and T 923 K. The composition of producer gases (CO, CO,, Hy, and
N;) was accurately predicted by models M1D, M2C, and M3C. This research introduces new models
with variables N/C, O/C, H/C, ER, and T to simulate the composition of CO, CO,, CHy, Hy, N,
and LHV-gas, with R? > 0.9354, tar (C¢Hyg)-R? of 0.8638, and CGE-R? of 0.8423. This research also
introduces correction factors and a new empirical correlation for the reaction equilibrium constants
in new stoichiometric models using steam reforming.

Keywords: accurate H, prediction; biomass gasification; new correction factors; steam reforming;

stoichiometric model; tar concentration

1. Introduction

Currently, energy consumption is still based on fossil fuels (coal, natural gas, and
oil) [1]. Increased use of fossil fuels leads to increased pollution, greenhouse gas emissions,
and other particulate pollutants. Fossil fuels are “non-renewable energy sources”. New
renewable energy sources are key to replace fossil fuel sources. Hydropower (74.1%),
biofuels (12.6%), geothermal energy (11.5%), solar power (1.2%), and wind power (0.6%)
are considered as renewable energy sources. Another renewable energy source that is
currently massively available is biomass [2].

Appl. Sci. 2024, 14, 5880. https:/ /doi.org/10.3390/app14135880

https://www.mdpi.com/journal/applsci


https://doi.org/10.3390/app14135880
https://doi.org/10.3390/app14135880
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0000-0003-0950-8209
https://orcid.org/0000-0001-7907-3285
https://orcid.org/0000-0003-0209-9051
https://orcid.org/0000-0001-6272-7457
https://doi.org/10.3390/app14135880
https://www.mdpi.com/journal/applsci
https://www.mdpi.com/article/10.3390/app14135880?type=check_update&version=2

Appl. Sci. 2024, 14, 5880

2 of 25

Thermochemical processes are used to generate energy from the biomass. Various
thermochemical methods convert post-consumer waste into clean energy [3]. Gasifica-
tion is one of the thermochemical processes that produce renewable energy. Gasifica-
tion of biomass synthesis gas is suitable for (i) temperature internal combustion engines;
(ii) biomass synthesis gasification for fuel cells; (iii) methanol and biohydrogen production;
and (iv) Fischer-Tropsch process technology to produce synthetic fuels for gasoline and
diesel engines. However, power decrease (de-rating) and tar concentration have become
challenges in syngas production [4]. Therefore, more studies on gasification are required to
produce CO, CHy, and H; while minimizing its side-effects (de-rating and tar production).

The high cost and difficulty of experimental gasification research have motivated
numerical simulation studies in gasification research [5]. The numerical simulation mod-
els that have been developed were thermodynamic equilibrium models, kinetic models,
Aspen Plus, artificial neural networks, and computational fluid dynamics (CFD) [6]. Ap-
proximately 66% of the numerical simulation studies use thermodynamic equilibrium
techniques [7]. There are several factors to consider when developing thermodynamic
equilibrium models of gasification, i.e., (1) calculating the optimal gas production, (2) adapt-
ability to different types of biomass, (3) the ability to change the reaction equilibrium
constants, and (4) the influence of the reactor types [8].

There are two types of thermodynamic equilibrium models, i.e., stoichiometric and
non-stoichiometric models. Methods of mass balance equilibrium constant and reaction
equilibrium constant are used to calculate composition of the syngas in stoichiometric
models [9]. The Gibbs free energy minimization approach is used to predict the composition
of the syngas in non-stoichiometric models, with the mass balance of carbon, oxygen, and
hydrogen as constraints [7]. The thermodynamic equilibrium models mostly result in
good simulation results. However, the equilibrium conditions usually do not correspond
to the conditions in the gasifier, therefore, the model reliability is questionable [10]. The
stoichiometric models can be modified to improve their reliability and accuracy, but the
modification might be suitable in stoichiometric models. The inclusion of correction factors
for the reaction equilibrium constants makes the modification of the stoichiometric models
possible. On the other hand, non-stoichiometric modes usually apply Lagrange equations
that use carbon, hydrogen, oxygen, and nitrogen mass balances as constraints. Therefore,
the modification of non-stoichiometric models is limited.

Ibrahim et al. [11] used a stoichiometric model to study the effect of biomass op-
erational parameters equivalent ratio (ER), temperature, and moisture content (MC) on
gasification in a downdraft gasifier. The model simulated syngas composition, tar, char,
temperature, cold gasification efficiency (CGE), and low heating value (LHV). Silva et al. [5]
developed a semi-empirical model based on a stoichiometric model for woody biomass
gasification. The study also used empirical models to predict tar and methane gas. Kay-
douh and El Hasan [12] simulated the co-gasification of biomass and plastic to produce
hydrogen gas. However, the model cannot accurately estimate the yields of methane and
hydrogen gases.

Stoichiometric models are often modified to increase their accuracy. The modified
parameters are usually the concentration of unburned tar and the reaction equilibrium
constant. Samadi et al. [13] modified the stoichiometric model by estimating the mole
number of tar as a function of ER. Said et al. [14] modified the reaction equilibrium constant
in a stoichiometric model, whereas Ayub et al. [15] modified both the mole number of
unburned tar and the reaction equilibrium constant in the model. The equilibrium constant
is usually corrected by methanation reactions, methane reforming, and water gas shift
reactions. Correction factors for the equilibrium constants are usually calculated from
secondary data (published experimental data). However, the available modified stoichio-
metric models still cannot accurately predict the concentrations of methane and hydrogen
produced from gasification.

There are several factors that may lead to the inaccuracy of stoichiometric models up
to date, i.e., the models (i) do not include the prediction of tar content, (ii) do not consider
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factors that contribute to the accurate prediction of methane and hydrogen levels, and
(iii) do not use steam reforming reaction constants. Tar prediction is important because
it is troublesome for producer gas performance, therefore, its inclusion in the models is
necessary. A few models include a catalyst; however, it is used to simulate the reduction of
tar in the producer gas [16,17], e.g., dolomite, which consists of 30% w/w CaO, 45% w/w
CO, and 15% w/w MgO, and nickel [17,18]. Therefore, a catalyst is not included in this
study because this study aimed to predict the amount of tar in the producer gas by utilizing
a steam reforming reaction.

Experimental studies on biomass gasification are complex, costly, and time-consuming.
The complexity of reactions within gasification also leads to challenging gasification model-
ing and simulation. Model precision and reliability are important to explain gasification
under real conditions. The stoichiometric models developed in this study improve some
deficiencies of other models that have been modified so far. This research developed
stoichiometric models by introducing correction factors for the reaction equilibrium con-
stants. The novelties of this research are the inclusion of the steam reaction and valid and
accurate models that predict the concentration of Hy and tar content. This research is highly
relevant to the forecasting of syngas as a fuel for internal engines in the future, which
potentially reduces conventional fuel expenses by 44% [4]. However, it is crucial to ensure
that the tar concentration of the syngas does not exceed 100 g/Nm?3 [19]. Therefore, the
models developed in this study will be applicable for simulating tar concentration obtained
from gasification.

The modeling in this study was performed in two stages, using the ANN model-
thinking approach as the calculation algorithm. The first stage involved calculating the
correction factors and the new function for the reaction equilibrium constants using 47 sec-
ondary datasets. The second stage evaluated the validation and accuracy of the models
against 24 secondary datasets. There are two novelties introduced by this study, i.e., (i) new
stoichiometric models with variables N/C, O/C, H/C, ER, and T to simulate the com-
position of CO, CO,, CHy, Hy, Ny, and LHV-gas as well as tar concentration; (ii) the
correction factors and the new empirical correlation for reaction equilibrium constants in
the stoichiometric models using steam reforming.

2. Modeling
2.1. Basis Model

The complexity of the gasification process leads to many studies in model development
to give a better understanding of the gasification process [15]. The stoichiometric models
of biomass gasification usually consist of three influencing factors, namely: (1) the type of
biomass, (2) the gasification agent, and (3) the syngas composition to be modeled. This
study used a global stoichiometric model with an air gasification agent (Equation (1)) as
the basis for developing new models.

CHXOyNZ + wHyO + m(Oz + 3.76N2) < 11CO 4 n,CO, + n3CHy + ngHy + nsHyO 4 ngNy + n7C + ngCgHg (1)

All inputs on the left side of Equation (1) were assumed to be at a temperature of 25 °C
and a pressure of 1 bar. The total amount of gas on the right side of Equation (1) can be
defined as follows.

ng = Zi’l,‘ = ny+ny+n3z+ng+ns+ne+ng 2)

where 7; is the unknown number of moles of the ith type of gas. Tar (C¢Hg) formation is
included in Equation (1), which can be in the form of C,H,, C;Hy, CoHg, CsHg, C¢Hg, and
C7Hg [17], but mostly, the tar is in the form of benzene (C¢Hg) [20].

The number of moles “w” in Equation (1) indicates the amount of moisture (H,O) per

kmol of biomass and it is calculated using Equation (3) [5,11].
Mpio X MC

YT o1 —MC) ®)
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where m,;, denotes the mass of biomass and my,0 represents the mass of water. Equation (1)
includes the number of oxygen atoms per kmol of biomass denoted as “m”, which can be
determined using Equation (4) [21].

m=(1+2—%+§)ER 4)

The number of moles of gasification products, including the carbon, (11-1g) is un-
known, therefore, the following mass balances are utilized to further determine n;.
Carbon mass balance:

FF=m+n+n+n,+6ng—1 =20 (5)
Hydrogen mass balance:
F, = 4ng+2n4 +2n5 +6ng—x —2w = 0 (6)
Oxygen mass balance:
B =m+2m+n—-—y—w-2m =0 (7)
Nitrogen mass balance:
F, = ng—z—-376m =0 (8)

where F; denotes the mass balance of carbon, hydrogen, oxygen, and nitrogen. At least

eight equations are required to solve n1—ng. Therefore, four of the six equations for the

reaction equilibrium constants [22] below were employed to indirectly solve n1-ng.
Boudouard reaction (R1):

C+COo, & 2co )
Heterogeneous water gas shift reaction (R2):
C+H,0 8 CO+H,y (10)
Hydrogasification reaction (methane formation) (R3):
C +2H, & CH, (11)
Water gas shift reaction (R4):
CO + H,0 & CO, + Hy (12)
Methane decomposition reactions (R5):
CH, + H,0 & CO + 3H, (13)
Steam reforming reaction (R6):
CgHg + 6H,0 <& 9H, + 6CO (14)
The equilibrium reaction constant (K;)—-(Kg) of Equations (9)—(14) is defined as follow.
"2
K; = Wlﬂ (15)
Ky = S (16)
nsng
K3 = Z—%m 17)
Ky = 20 (18)
Ky — " (19)
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1’1?1’14
Ky = (20)
ngngn,

Ki, Ky, K3, K4, K5, K¢ in Equations (15)-(20) are calculated with the Gibbs free en-
ergy [23] as shown in Equation (21)
AGY
RT
where AG? consists of AG?, AGS, AGg, AGE, AGg, and AGg that correspond to each reac-
tion R1-R6. The constant R is 8.314 kJ/(kmol K), and AG? in Equation (21) is given by
Equation (22).

ani = — (21)

AG) =) uighr; (22)
The value of v; in Equation (22) is positive for the reactants and negative for the
products. The empirical correlation of Gibbs free energy g},m [22] is as follows.
/ / /
Rhrs = MY —aTInT —p'12 = S7° - §T4+26—T+f’+g’T (23)
The coefficients (a’-¢/) in Equation (23) is listed in Table 1.

Table 1. Enthalpy of formation (k]J/kmol) and the coefficients of the Gibbs free energy (kJ/kmol)
equation [22].

Coefficient coO COZ CH4 Hzo CﬁHﬁ
hy, —110.541 —393.546 —74.851 —241.845 82.927
a’ 5.619 x 1073 —1.949 x 1072 —4.620 x 1072 —8.95x 1073 —0.1824
v —1.19 x 107> 3.122 x 1075 1.13 x 1075 —3.672 x 1076 1.903 x 10~*
c 6.383 x 10~? —2.448 x 10~8 1.319 x 108 5.209 x 10~ —8.67 x 10°8
d —1.846 x 10712 6.946 x 10~12 —6.647 x 10712 —1.478 x 1012 1.208 x 10~11
e —4.891 x 102 —4.891 x 102 —4.891 x 102 0.0 —2.935 x 103
f 0.86841 5.270 14.11 2.868 49.50
g —6.131 x 1072 —0.1207 —0.2234 —1.722 x 1072 —0.9787

The empirical correlation of the Gibbs free energy in Equations (22) and (23), as well
as the data listed in Table 1, can be used to calculate the reaction equilibrium constants in
Equations (15)—(20). On the other hand, Zainal et al. [24] developed a simpler empirical
equation to calculate the equilibrium constant defined in Equation (21) as follows.

InK = by+ b T+byT 1+ b3InT + byT? 4 bsT 2 (24)

Several studies [25-27] employed Equation (24) to get In K. Therefore, the empirical
correlation of the equilibrium constants (K;—Kg) for reactions R1-R6 were solved using
Equation (24) in this study, wherein the coefficients (bg—bs) are shown in Table 2. The
coefficients (bp—bs) for each equilibrium constant shown in Table 2 were generated for
temperatures ranging from 300 K to 2000 K.

Table 2. Coefficients of the empirical equations for the reaction equilibrium constants.

Coefficient In Ky In K, In K3 In Ky In K5 In K
bo 54.08108 7.16594 60.51782 —46.91514 —53.35188 —13.57183
by 0.00398 —0.00062 0.00798 —0.00460 —0.00860 —0.01459
by —23,462.56 —15,661.36 5341.56 7801.20 —21,002.92 —81,609.84
b3 —4.83331 1.45729 —10.88627 6.29061 12.34356 20.99726
by —7.865x 1077  —3.409 x 1078  —1.098 x 10~° 7.524 x 1077 1.064 x 10~° 1.573 x 10~°
bs 241,923.75 36,765.58 162,197.73 —205,158.18 —125,432.15 285,399.51
R%-adj 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000

Based on Equation (24) and the data in Table 2, the correlation of K; as a function of
temperature between 800 K and 1350 K for each reaction is depicted in Figure 1. Figure 1
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shows that the trend of Kj, K5, K5 are similar. This similarity was explained by Gopan
et al. [28] and Zainal et al. [24], who found that Boundaourd (R1) and a heterogeneous
water gas shift (R2) may generate a water gas shift reaction (R5). Therefore, the trend of
their reaction constants (K;) and reactions (Ri) could be similar. Since R1 and R2 contribute
to R5, this study further used Equations (5)—(8) and reactions R3, R4, R5, and R6, in which
their constants are stated in Equations (17)—(20), to calculate n1-ng. Further, the reaction
equilibrium constants K3, K4, K5, and K in Equations (17)-(20) were rewritten in the form
of balance equations as follows.

F = K37’li*1’13nt =0 (25)
Fg = Kynyns —nong = 0 (26)
F; = Ksnznsn? —nng = 0 (27)
9
Fg = Kgnbngn? —n?n4 =0 (28)
3 3.0x10%
R6: CgHg + 6H,0 > 9H, + 6CO
25 5: CHy 20 CO + 3H, L 2.5% 1026
2 :C+H,0 > CO+H, — K
- 2.0x 102 %
‘ —_— 2
15 4 /R1: C+CO, © 2C0 3 P
_— 3
_ - 1.0x 102
1] ~_R4: CO +H,0 e CO, + H, -
25 — K
- [ 5.0x10 )
R3: C + 2H, < CH, :
0 1.0x 108

800 850 900 950 1000 1050 1100 1150 1200 1250 1300 1350
Temperature (K)
Figure 1. Plot depicting the relationship between the equilibrium constants K; and temperature.

2.2. Energy Balance

Temperatures in Equation (24) can be determined using the first law of thermodynam-
ics, i.e., the principle of energy balance. Assuming that the gasification process is under
adiabatic conditions and that there is no change in pressure, the energy balance is written
in Equation (29) [29].

AH = Y Hi— Y H (29)

j = product i = reactant

Considering AH = 0, the reactant enthalpy on the right side of Equation (29) can be
defined as follows [29].

Y Hio= I+ m (B0 + Mirio) (30)

i = reactant
o [ X o
hf,bio - HHVbiO + (hf,COZ + Ehf/HZO) (31)
The calorific value of the formation of the biomass with a higher heating value (HHVy,,)
is calculated using a correlation developed by Channiwala and Parikh [2] as follows.

HHVy;, = 0.3491C + 1.1783H + 0.1005S — 0.10340 — 0.0151N — 0.0211Ash (32)

where HHVy,;, (M]/kg) is the HHV value of biomass, and C, H, S, O, N, and ash are the
mass percentages of carbon, hydrogen, sulfur, oxygen, nitrogen, and ash content of the
biomass, respectively. The mass percentages of C, H, O, N, S, and ash in Equation (32) are
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determined using ultimate and proximate tests of the dried biomass. Further, the lower
heating value of the biomass (LHV;,, in MJ/kg) is calculated using Equation (33) [22]

9H MC
100 " 100) 33
where hg,s is the latent heat of steam (2260 MJ/kg). The enthalpy of the producer gas on
the right side of Equation (29) is calculated using Equation (34) [29] as follows.

LHVy;, = HHVy — hgas<

-0 =0
Y, Hi= Y ol +anr) (34)
j = product j = product
were,
_ T
Ahr; = / Cp(T)dT = aT +bT? + cT? +dT* +« (35)
298

The values of ﬁ?,]- in Equation (34) and coefficients, 4, b, ¢, and d in Equation (35)
are provided in Table 3, except for the enthalpy of carbon enthalpy because the referred
reference [19] does not have the enthalpy of carbon in its datasets. Therefore, the enthalpy
of carbon is calculated using the following Equation (36) [30].

_ T
Ahrc = / (16.336 4 0.60972 x 1072T — 0.64762 x 107°T2 — 83;240>dT (36)
298

Table 3. E%j and coefficients for the empirical equation of the enthalpy defined in Equation (35) [22].

0

h,.

Product aJ /kfi]n o) a b c d T(K)
CcoO —110,541 28.16 1.675 x 1073 5.372 x 10~° —2.222 x 107? 273-1800
CO, —393,546 22.26 5981 x 1072 —3.501 x 107> —7.447 x 107° 273-1800
CHy —74,851 19.89 5.024 x 1072 1.269 x 107> —1.101 x 1078 273-1800
H, 0 29.11 —1.916 x 1073 4,004 x 10°° —8.704 x 10710 273-1800
H,0 —241,845 32.24 1.923 x 103 1.055 x 10~ —3.595 x 10~? 273-1800
N, 0 28.9 —1.571 x 1073 8.081 x 10~ —2.873 x 107? 273-1800

CeHs 82,927 —36.22 0.4848 —3.157 x 1074 7.762 x 1078 273-1800

2.3. Cold Gasification Efficiency
The cold gasification efficiency (CGE) is used to evaluate the performance of the
gasification process. CGE is defined in Equation (37) [2,31].
LHV gas Yas
LHVyi

where LHV g, (MJ/Nm?®) is the LHV of the gas and Ygas (Nm?/kg) represents the yield of
producer gas. The LHV s is calculated using Equation (38) [2] as follows.

CGE = x 100% (37)

LHVgas = 0.12622 CO + 0.35814 CHy + 0.10788 Hy + 0.665 C,Hyyy (38)

Ygas can be predicted by nitrogen balance [2,32], as shown below.

_ 079%Q, 39)

Y,
gas m sz %

where Q, (Nm?/s) is the mass flow rate of air; m 7(kg/s) is the mass flow rate of the biomass
and N (%) is the volume fraction of nitrogen.

2.4. Simulated Model

Many studies have developed models to estimate the composition of syngas from
biomass gasification, with or without the inclusion of tar and char [5,11,15]. Table 4 displays
the models developed in this study (coded as M1-M6). The models were developed using
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integration of reactions R3, R4, R5, and R6. The Newton-Raphson method was applied to
solve the equations involved in the reactions.

Table 4. The developed models in this study in which their parameters were solved using Newton-

Raphson method.

Models Moles of Carbon C (17) Reactions Used Equation Used
M1 Ignored R3 R4 R5 (5)—(8); (25)-(27)
M2 Ignored R3 R4 R6 (5)—(8); (25); (26); (28)
M3 Ignored R4 R5 R6 (5)-(8); (26)—(28)
M4 Empirical correlation R3 R4 R5 (5)-(8); (25)—(27)
M5 Empirical correlation R3 R4 R6 (5)-(8); (25); (26); (28)
M6 Empirical correlation R4 R5 R6 (5)—(8); (26)—(28)

The mole number of the carbon (n17) in models M4, M5, and M6 has not been defined in
Equations (5)—(8) and (25)-(28). Therefore, Equation (40) is applied to estimate “n7” [25,33]

ny = 1— c (40)
c = 0.901 4 0.439[1 — exp(—ER + 0.0003T)] (41)

By solving “n7”, the other seven numbers of moles in Equation (1) can be solved using
the Newton-Raphson method by utilizing Equations (5)—-(8) and three of Equations (25)—(28).

2.5. Correction Factors

A correction factor is usually introduced in a model to reduce differences between
simulation and experimental results; therefore, the model’s accuracy is improved. A
correction factor is defined as a set of data used to improve simulation results [34]. The
correction factor may modify reaction constant [15,25,35], temperature [36], ER [25], and
ER-temperature dependence [20]. This study developed a correction factor by modifying
the models of Fu et al. [37]. Table 5 demonstrates the calculation of the correction factors
(fx) for the reaction equilibrium constant (Kj).

Table 5. The correction factors (fi) that are developed for the stoichiometric models.

Correction Factors K3 Ky Ks K

e (ng/nﬁ)exp (n2n4 /1) ey ("mi/"s)exp (”?”Z)QXP

(n3/m3) (naa /e (mmg/ns) (7313)

Table 5 shows that the correction factor for the equilibrium constant of K3, coded as f3,

is defined as the ratio between (n3/ nﬁ)exp and (n3/ ni)cal' The (n3/ nﬁ)exp represents the

volume ratio (%) of experimental gas, whereas the (n3 / nﬁ) a1 T€presents the predicted mole
ratio (%). The other correction factors (f3—fs) can be interpreted similarly. The correction
factors of f3, f4, f5, dan f4, which are associated with R3, R4, R5, and R6, respectively,
were calculated in this research. Further, the correction factors were used to develop a
new empirical correlation for the reaction equilibrium constant, which is described in
Equation (42).

Ky = aof{K;,T' (42)

3. Methods and Materials
3.1. Biomass and Operating Data

Various types of biomass with complete properties and datasets during their gasifica-
tion were used to determine all parameters in the developed models, i.e., n1-ng, In K, fy,
and K*. They were municipal solid waste, palm kernel oil, woodchips, corncobs, sawdust,
wood pellets, and rice husks. There were 20 secondary data points of the ultimate and
proximate analyses of the biomasses, which are presented in Table 6. These biomasses
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were gasified, and the gasification data were used in this study for calculating the model’s
parameters. This study used 47 experimental cases for the secondary data. The data include
the gasification parameters, i.e., ER and T, as well as the yield of the producer gas. The data
were obtained from experimental gasification studies utilizing downdraft, fluidized bed,
and up-draft reactors. These data are presented in Supplementary Table S1.

Table 6. The ultimate and proximate analyses of the biomasses used to develop stoichiometric models
with correction factors and the new empirical correlation for the reaction equilibrium constant.

. Ultimate Analysis (% wt) Proximate Analysis (% wt) HHV Case
Biomass C - o N S VM FC Ash MS (MJ/kg)  Number Reference
Municipal solid waste 5040 5.70 41.70 220 0.00 7580 17.00 130 5.90 19.939 5 [38]
Municipal solid waste  58.10 6.50 31.40 2.60 0.60 6280 2480 1240 11.7 24.5 2 [39]
Municipal solid waste 4726 6.70 4554 049 0.01 6578 2019 421 9.82 19.589 2 [40]
Palm kernel oil 4980 650 3820 080 012 N/A N/A 840 11.00 20.917 3 [41]
Palm kernel oil 4240 580 4820 3.60 0.00 7635 1150 3.40 8.75 16.526 4 [42]
Palm kernel oil 4458 453 4880 071 0.07 8350 1520 130 16.00 15.824 1 [43]
Palm kernel oil 4208 7.00 4990 099 0.00 8300 9.00 3.00 5.00 17.700 1 [44]
Rice husk 4718 3.60 4820 1.01 012 7340 20.60 6.00 13.63 15.599 2 [45]
Rice husk 3892 510 5389 217 012 63.80 16.87 19.33 8.1 13.596 1 [46]
Sawdust 49.15 574 4431 081 0.00 68.01 13.02 0.89 18 19.309 2 [47]
Sawdust 51.73 6.00 4148 062 000 7030 1510 3.30 11.20 20.761 2 [48]
Sawdust 4891 580 4511 018 0.00 8063 1727 210  0.00 19.197 1 [49]
Sawdust 5040 6.60 39.67 090 048 8434 1374 192 9382 21.264 3 [37]
Woodchips 4560 590 4840 1.00 0.00 7750 1230 1.50 8.80 17.820 2 [50]
Woodchips 4920 550 4520 0.10 0.00 7810 1470 0.40 6.80 18.973 4 [51]
Woodchips 4922 6.06 4321 013 0.08 78.10 1470 1.69 8 19.826 3 [52]
Wood pellets 50.00 6.00 4260 3.19 0.00 77.80 1400 0.30 7.9 20.065 1 [53]
Wood pellets 5260 5.80 4060 0.10 0.00 76.80 2230 0.90 42 20.978 1 [54]
Wood pellets 49.80 580 4220 200 0.06 81.00 1840 0.70 6.30 19.817 3 [55]
Wood pellets 50.70 690 4240 030 018 N/A N/A 039 7.50 21.451 4 [20]
Total 20 47

N/A in the table indicates that the secondary data is not available.

The developed models were further evaluated for their validation and accuracy. Table 7
presents the properties of the biomass used for validating the developed models and testing
the models’ accuracy. In addition, there are 24 experimental cases with gasification parameters
of each biomass and the yield of producer gas used to validate the models and test their
accuracy. The complete experimental cases are provided in Supplementary Table S2. The data
used for validating the models and testing their accuracy were different from those used
for parameter calculation during model development. This adopted the training concept in
artificial neural networks; therefore, the robustness of the models can be verified.
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Table 7. Ultimate and proximate analyses of the biomasses used for validating the models and testing
their accuracy.

) Ultimate Analysis (% wt) Proximate Analysis (% wt) HHV Case
Biomass C H o N 3 VM = Ash MS (MJ/kg)  Number Reference
Woodchips 50.60 6.50 42.00 020 010 7240 1920 070 7.70 20.973 4 [20]
Wood pellets 46.78 596 4544 032 0.09 83.01 1566 134 1223 18.631 5 [56]
Sawdust 51.33 613 4197 012 002 7776 2044 1.80 9.3 20.765 2 [45]
Corn 4470 630 4520 120 0.09 6630 16.60 240 14.7 18.295 4 [57]
Wood pellets 4980 5.80 4220 200 0.06 81.00 1840 070 6.30 19.817 3 [55]
Palm kernel oil 4458 453 4880 071 007 8350 1520 130 16.00 15.824 1 [43]
Sawdust 4891 580 4511 0.18 0.00 8063 1727 210  0.00 19.197 1 [49]
Wood pellets 50.00 6.00 4260 3.19 0.00 77.80 14.00 0.30 7.9 20.065 2 [53]
Municipal solid waste  46.30 520 44.80 290 086 4700 850 0.00 14.30 17.701 2 [55]
Total 9 24

3.2. Model Validation and Accuracy

Model validation was performed by the Root mean square error (RMSE) approach.
RMSE is calculated using Equation (43) [5,26].

2
RMSE — \/Z?/[_ 1 (Xi,cle\lil_ Xi,exp) 43)

where X; ¢, is the data from numerical simulation computation, x; exp is the experimental
data obtained from the secondary data, and M is the number of samples. Considering
the experimental gas volumes of CO, CO,, CHy, Hy, and Nj were in %vol, the simulation
results were also converted to %mol. Therefore, X; .o1 is defined as follows [11].

Xical(%) = 2 %100 (44)
y Nt
were,

Nt = n; +nz +n3+ng +ng+ng

The total tar content (g/ Nm?3) in “ng” is calculated as follows [11].
Mgy X
CeHe (g/ Nm3) — TEM* T

45
Vens (45)

A paired data mean test was applied to evaluate the accuracy of models M1A-M6D
in simulating compositions of CO, CO,, CHy, Hy, and N, obtained from gasification,
regardless of the types of reactors. A paired t-test with a significance level of « = 0.05
was applied. The developed models were deemed to be accurate if the models correctly
predicted at least three partial hypothesis tests. The hypothesis states that the mean
composition of producer gas (%mol) predicted by the models is the same as the mean
composition of the gas obtained from the experiments.

3.3. Algorithm of the Model Development

The algorithm to develop the stoichiometric models with correction factors and the
new empirical correlation for the reaction equilibrium constants is shown in Figure 2. The
first stage in developing the models was determining n1-ng, In K;, fi, and finally, to obtain
the empirical correlation of K*. Table 6 and Supplementary Table S1 were used as the
inputs for this determination. The second stage was validating the models and testing their
accuracy against the secondary data. Table 7 and Supplementary Table S2 were used as the
inputs in the second stage.
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(a). The first stage

Input biomass composition
consist of C, H, O, N, and MS
data sets in Table 6

|

Calculating the empirical Calculate moles ny-ng with
@ correlation of the reaction »| equations (5)-(8), (25)-(28) with
equilibrium constants, K3, Ky, the Newton-Raphson
Ks, and K (Table 2) method for the M1-M6 model

The input gasification Determine the mole percentage
operating parameters, of gas and the correction factors
ER and T consist of No Yes——> . %, f:, and f3 in model A-D as

47 cases in Supplementary 1 stated in Table 8

l

Calculate the empirical Determine the correction factor
correlation of corrections for the for the reaction equilibrium
@47 reaction equilibrium constants constant of model A-D using the
K3*, K4*, K5*, and Kg* in trial-and-error approach
a model of A-D (Table 10) (Table 9)
(b). The Second stage
Input biomass
characteristics consist of
C, H, O, N, and MS data sets
in Table 7
C?Icplating the em| |rlc?l h Calculate moles n,-n, with
correlation correctjon for of the e i i
. on | quations (5)-(8), (25)-(28) with
G>_> constarﬁ?sc‘ “;%Q.g ilflyll}%glx?gqnd K* > the Newton-Raphson method
(Table 12) for the M1A-M6D model
The input gasification Calculate RMSE (Table 11) and
operating parameters, N t-test the accuracy of producer
ER and T consist of © Yes gas prediction models
24 cases in Supplementary 2 M1A-M6D (Table 12)

!

Choose the model with the Compute empirical correlations

) 2 for the response variables CO,
- ¢ highest R? value and € COy, CHy, Hy, Ny, CgHg, LHV,
analyze the results for the and CGE with the input variables

response variable OIC, HIC, NIC, ER, and T

Figure 2. The flow diagram of developing the stoichiometric models. (a) the first stage was developing
correlations for the correction factors and the new empirical correlation for the reaction equilibrium
constants ¢, (b) the second stage was validating the developed models and testing their accuracy.

4. Results and Discussion
4.1. Correction Factors and New Empirical Correlation for the Equilibrium Constant

The correction factors based on the correlations in Table 5 were calculated, resulting
in f3, fa, f5, and fe for each model M1-M6. However, the correction factor f; obtained
from M3 and M6 resulted in much different values than f; obtained from the other models.
Therefore, the correction factors used for further study were those obtained from M1, M2,
M4, M5. A combination of the correction factors (f3—fs) obtained from M1, M2, M4, and
M5 were named as factor models A, B, C, and D, respectively. Table 8 displays the factor
models under the condition of AH = 0.

The correction factors in each factor model were computed to Equation (42) to produce
the new equilibrium constants K*. Combinations between M1-M6 and A-D (M1A-M6D)
were applied during this computation step. Table 9 displays four new empirical correla-
tions for the reaction equilibrium constant that corresponds to each factor model. These
four correlations were found to have the lowest RMSE among 24 correlations developed
from M1A-M6D.
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Table 8. The correction factors obtained from M1, M2, M4, and M5.
Correction Factor
Factor Model
f3 fa fs o
A 14.7690 3.5143 0.0924 0.0092
B 66.4224 1.3221 0.0904 0.0513
C 33.9060 1.5202 0.0602 0.0054
D 305.3084 1.2181 0.0364 0.3595
Table 9. The new reaction equilibrium constants (K*) for each factor model.
Factor Model K; K; Kz K;
A 2.2054K3 0.7462K 4 0.1474K5943%  (.5568K,001257-2
B 3.2117K3 0.5844K 0.1441K5943%5  0.6898K, 0012572
C 2.7147Ks 0.6052K, 0.0960K5"43%5  0.5203K00125 T2
D 4.7026K3 0.5726Ky4 0.0581K5%43%5  0.8800K, 0012572

Correction factors for the reaction equilibrium constant have been identified for some
reactions. The correction factor for hydrogasification reaction (R3) is reported in the range
of 0.2 [58] and 8.5216 [35], depending on the values of ER and/or T [20,59]. The correction
factor for the water gas shift reaction (R4) ranges from 0.58 to 0.9677 [15], depending on
the values of ER and/or T [14,59]. The correction factor for the methane decomposition
reaction (R5) ranges from 0.0006 to 0.003 [60], and is dependent on the values of ER or T [14].
There is no correction factor reported for the steam reforming reaction (R6). Therefore, the
empirical correlations of K} listed in Table 9, which also covers R6 were generalized as a
temperature-dependent function as follows.

K = asexp(aiT) (46)

1

The coefficient values of 4, and a; in Equation (46) were determined by the linear
regression method. Table 10 presents the coefficients for calculating the new reaction
equilibrium constant of hydrogasification processes (R3), water gas shift (R4), methane
formation (R5), and steam reforming (R6), which are applicable within the temperature
range of 800 to 1400 K.

In an equilibrium reaction, the constant of K = 1 means that the number of moles
of reactant and product remains constant. If K < 1, the reaction is on the reactant side,
implying that the number of reactants exceeds the number of products at equilibrium.
Under conditions of K > 1, the reaction occurs on the product side, implying that the
number of products exceeds the number of reactants at equilibrium. Figure 3 displays
the relationship between K; and K} as function of temperature between 800 K and 1400 K,
which was plotted using the empirical correlations presented in Tables 2 and 10. The graph
of K7 plotted in Figure 3 was obtained by using factor model C. Figure 3 indicates an
evident shift in the functions of K; and K}. Consequently, the equilibrium temperatures of
the following reactions also shift. The equilibrium temperature of R3 shifts from 850 K to
890 K, the temperature of R4 shifts from 1070 K to 960 K, the temperature of R5 shifts from
880 K to 1110 K, and R6 is shown to never reach equilibrium. The change of the equilibrium
constant of the relevant reaction was further determined by the number of gas molecules
produced during the gasification.
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Table 10. Empirical correlation coefficient correction of reaction equilibrium constants.
Factor Coefficient * ” « *
Models and R?-adj Ks K Ks Ks
A a 4289.2370 46.2788 1.1535 x 107°  2.0959 x 107°
a —0.009770 —0.003742 0.010617 —0.000864
RZ—adj 0.9817 0.9725 0.9803 0.9998
B ag 6246.2697 36.2444 1.1279 x 1075 2.5967 x 10~°
a —0.009770 —0.003742 0.010617 —0.000864
RZ-adj 0.9817 0.9725 0.9803 0.9998
C ag 5939.6868 37.5318 7.5092 x 107®  1.9585 x 10~°
ai —0.009770 —0.003742 0.010617 —0.000864
Rz—adj 0.9817 0.9725 0.9803 0.9998
D a 10,289.1435 35.5092 45442 x 107 3.3126 x 10°
ay —0.00977 —0.00374 0.0106166 —0.000864
RZ-adj 0.9817 0.9725 0.9803 0.9998
3 1.2x 10
R5: CH, + H,0 & CO + 3H,
2.5 4 - 1.0x 106
— K
-7 - Kd
2 4 6H,0 > 9H; + 6€0 - 8.0x10
— Ks
*_. 15 L 6.0x 107 * — Ks
X L KkrC
1
:.:’. 1 L 40x107 = Kt
R4: CO +H,0 & €O, + H, — KC
05 [ 20x107 ke
0 1 ¥ . + + + 0.0
800 900 1000 1100 1200 1300 1400

Temperature (K)

Figure 3. The graph represents the equilibrium of the original reaction and its modification
to temperature.

4.2. Simulation, Validation, and Accuracy of the Composition of Producer Gas Using the Developed
Stoichiometric Models

The chemical composition of 11-711g can be determined by solving Equations (5)—(8)
and (25)—(28). The equilibrium constant of each reaction (R3, R4, R5, and R6) is computed
using Equation (46), and the results in terms of AH, yield of tar, and RMSE of factor model
A-D for each developed model M1-M6 are displayed in Table 11. The data in Table 7 were
used as the model inputs. The data in Supplementary Table S2 were used to validate the
predicted results by M1A-M6D.

Based on Table 11, the original stoichiometric models (M10, M20O, M30O, M40, M50,
and M60) have average AH > 0, yield of C¢Hg < 0, and RMSE > 10% (Table 11). These three
indications are the challenges for using the original model to simulate the gas composition
of biomass gasification. The results of AH, a yield of C4Hg, and RMSE were improved when
the factor model was introduced into the developed models (M1A-M6D). The average AH
became less than 0, a yield of C¢Hg was more than 0, and RMSE was smaller than 3.00%.
Based on these three, the developed stoichiometric models with factor models are deemed
to be valid. RMSE of the stoichiometric models developed in this study (M1A-M6D) are in
line with the RMSE of the stoichiometric models developed by Ayub et al. [15]. The models
had RMSE values between 2.3018 and 2.7718. The stoichiometric models developed by
Aydin et al. [20] that were tested against 32 experimental cases had RSME ranges from 3.854
to 3.3373, which were more than 3%. Semi-empirical modified models by Silva et al. [5]
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resulted in RMSE between 2.39 and 4.25 over 64 simulation scenarios. Mendiburu et al. [34]
found similar values of RMSE by modifying the stoichiometric models.

Table 11. The predicted C¢Hg (mol%), AH, and RMSE of each developed model (M1A-M6D).

Model A B C D Original Model
AH (K] /kmol) M1 —17,6568  —9759 17,603 —15,742 66,247
M2 —16,135 —13,498 —14,367 —13,001 10,270
M3 —16,144 —13483 —14,389 —13,175 8787
M4 —18,142 —14,542 20,843 —18,112 69,783
M5 -20,304 -17,526 —18,397 —17,199 1013
M6 —20,564 —17,711 —20,050 —17,642 1680
C¢Hg (%mol) M1 1.691 1.245 1.746 1.700 —1.743
M2 1.652 1.542 1.599 1.450 0.000
M3 2.835 1.556 1.578 1.412 0.029
M4 1.073 1.550 1.093 0.984 —2.268
M5 1.094 0.998 1.045 0.908 0.024
M6 1.099 1.018 1.028 0.885 0.000
RMSE (%) M1 2.906 3.374 2.752 2.867 14.270
M2 2.834 2.684 2.675 2.667 6.989
M3 2.838 2.684 2.659 2.657 6.940
M4 3.094 2.351 2.862 2.803 14.647
M5 2.965 2.740 2.755 2.694 7.095
M6 2.947 2.764 2.747 2.697 6.713

Table 12 presents the mean of the predicted composition of CO, CO,, CHy, Hp, and Nj
gas simulated using M1A-M6D. The models of M1D, M2C, and M3C accurately predicted
composition of CO, COy, Hy, and N (x = 0.05 and t-crit value of 2.0687). M1B accurately
predicted CO, Hj, and N,. M2D and M3B accurately estimated CO,, Hy, and N,. The
models M4C, M4D, M5C, M5D, M5B, M6C, and M6D correctly predicted CO, CO,, and Nj.
The predicted composition of CHy by all developed models (M1A-M6D) was lower than
the experimental data. Based on the statistical analysis, the developed models M1D, M2C,
and M3C are the models that may accurately predict CO, CO,, H;, and N; gas composition.

Table 12. The predicted values of producer gas and their statistical analysis.

Model CcO CO, CHy4 H, N, t-Stat t-Stat t-Stat t-Stat t-Stat
(%vol) (%vol) (%vol) (%vol) (%vol) coO CO, CHy4 H, N,

M10 36.190 2.159 0.395 28.362 34.637

M1A 17.399 13.998 0.261 14.985 51.666 —0.943 2.960 —8.836 2.829 —1.827
Mi1B 20.736 11.913 0.458 16.110 49.539 4.787 —-0.373 —7.995 5.045 —4.460
Mi1C 18.065 13.486 0.313 14.031 52.358 0.214 2.145 —8.631 0.882 —0.956
M1D 18.582 13.332 0.528 13.903 51.956 1.043 1.816 —7.694 0.525 —1.408
M20 25.002 9.124 0.307 21.165 44.403

M2A 17.489 13.926 0.311 14.920 51.702 —0.877 2.857 —8.707 2.756 —1.742
M2B 19.121 12.804 0.389 14.505 51.639 2.329 1.051 —8.431 1.954 —1.834
M2C 18.710 13.071 0.360 14.424 51.835 1.519 1.478 —8.516 1.765 —1.590
M2D 19.448 12.633 0.611 14.418 51.440 3.015 0.774 —7.183 1.817 —2.078
M30 24.924 9.133 0.363 21.511 44.040

M3A 17.764 14.190 0.321 15.164 52.562 —0.359 3.252 —8.725 3.231 —0.683
M3B 19.120 12.785 0.323 14.543 51.673 2.348 1.022 —8.760 2.037 —1.811
M3C 18.727 13.077 0.443 14.357 51.819 1.560 1.494 —8.111 1.635 —1.605
M3D 19.461 12.656 0.761 14.302 51.408 3.049 0.807 —6.087 1.563 —2.105
M40 36.402 1.747 0.386 29.540 34.193

M4A 17.144 13.802 0.320 16.189 51.471 —1.374 2.610 —8.678 5.173 —1.983
M4B 20.152 12.021 0.582 17.405 49.162 4.071 —0.191 —7.144 7.348 —4.523
M4C 17.598 13.364 0.386 15.061 52.498 —0.541 1.840 —8.259 3.137 —0.771
M4D 18.344 12.949 0.634 15.036 52.054 0.635 1.220 —6.885 3.139 —1.328
M50 24.520 9.061 0.273 21.994 44128
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Table 12. Cont.

Model

CcoO
(%vol)

CO,
(%vol)

CHy4

H;

(%vol) (%vol)

N>
(%vol)

t-Stat
co

t-Stat
CO,

t-Stat
CH,4

t-Stat
H;

t-Stat
N>

M5A
M5B
M5C
M5D
M60O
M6A
Meé6B
M6C
Mé6D

16.741
18.366
17.966
18.645
23.943
16.744
18.370
18.130
18.653

13.951
12.829
13.089
12.697
9.367

13.944
12.807
13.287
12.711

0.344
0.416
0.393
0.659
0.160
0.320
0.322
0.436
0.754

15.496
15.021
14.971
14.898
21.743
15.517
15.101
14.952
14.823

52.374
52.371
52.537
52.193
44.763
52.375
52.382
52.167
52.174

—2.267
0.803
0.045
1.336

—1.473
1.630
0.295
2.216

2.905
1.091
1.512
0.871

2.658
0.837
1.979
0.678

—8.589
—8.229
—8.342
—6.761

—8.919
—-8.910
—8.405
—6.041

3.832
2.962
2.835
2.836

3.770
2.975
3.055
2.615

—0.889
—0.898
—0.694
—1.110

—1.147
—-1.155
—1.197
—1.402

4.3. Empirical Correlation between Independent and Dependent Variables in Biomass Gasification

Tables 11 and 12 show predicted compositions of CO, CO,, CHy, Hy, Ny, and tar-(C¢Hp)
by the models M1A-M6D. However, the models cannot be used to establish sensitivity cor-
relations between independent and dependent variables in biomass gasification. Therefore,
an empirical correlation derived from the models needs to be established to evaluate how
changes in input variables affect compositions of CO, CO,, CHy, Hy, N3, and tar-(C¢Hjg)
gas. Subramanian et al. [45] developed a second-order polynomial equation to correlate
volatile matter (VM) and fixed carbon (FC) with the composition of CO, H;, and CHy. Pio
et al. [61] established multiple linear correlations with ER and temperature (T) as indepen-
dent variables to estimate the composition of CO, CHy, and H, gas. Buragohian et al. [62]
established a correlation between T, air flow ratio (AR), hydrogen-to-carbon (H/C), and
oxygen-to-carbon (O/C) ratio with LHYV, yield, and composition of syngas. Chen et al. [63]
applied the response surface method to develop a second-order polynomial correlation
between ER, T, and time as the independent variables with the composition of syngas,
whereas Rupesh et al. [58] used multiple linear regression to predict CO, CO,, Hy, and
N, gas. The results of this study indicated that models M1D, M2C, and M3C have good
validity and accuracy in simulating producer gas composition from biomass gasification.
Further, one of these models was used to establish an empirical correlation between O/C,
H/C, N/C, ER, and T as the independent variables and CO, CO,, CHy4, Hp, Ny, CgHg
content, LHV-gas, and CGE as the dependent variables. The M2C model was selected for
this establishment because the multivariable regression coefficient of determination for
each response variable is the largest compared with the M1D and M3C models. Based on
M2C model, the following empirical correlation between the independent and dependent
variables in biomass gasification is set up.

X = ao<?)ﬂl<g)a2 (ZEI)%(ER)%WS (47)

Unlike the correlation established by Buragohian et al. [62], the correlation in Equation
(47) uses ER instead of AR and includes the ratio of H/C, O/C, and N/C. The X variable
is the dependent variable that includes CO, CO,, CHy, Hj, N3 in % mol, C¢Hg (g/ Nm?),
LHV-gas (M]/ Nm?), and CGE (%). Further, Equations (48)—(52) were established based
on Equation (47) and the predicted data by the M2C model. The empirical correlations
described by Equations (48)—(53) were further used to investigate the impact of independent
variables on the dependent variables.

H —0.2908 0 0.1062 N —0.0108
CcO = 0.0020<C) () () ER™01760T1.2869, R234j — 0.9815 (48)

C C

i —0.4372 0 0.7438 N 0.0005
CO, = 1.1650 x 106<) () () ER~O-MB4T—13803, R2adj = 0.9931 (49)

C C C
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1.4861 8) 0.7418 N —0.0315
CH; = 2.0071 x 1040< c) (c) <c> ER™0-29867—135810, R25dj = 0.9960 (50)
0.7330 0.4827 N —0.0139
H, = 7719.5233( > ( > (c> ER™0281T—09627, R23dj = 0.9354 (51)
0.9082 —3.2235 N —0.1833
CgHg = 6.1558 x 1012( > ( ) (c) ER™14669T—4.2424, R25dj = 0.8634 (52)
H 0.0328 0.0370 N
LHVg,s = 04931( C) ( ) (c) ER~0-688470.2085, R234j = 0.9950 (53)
H 0.1308 0 0.3723 N —0.0128
CGE = 29.8215(C> (c) (c) ERVOISTONZS, R23dj = 0.8423 (54)

4.4. The Effect of H/C, O/C, ER, and T on Producer Gas Composition

The results obtained from Equations (48)-(51) have determination coefficients (R2-adj)
that are larger than 0.9354. Based on the sensitivity analysis, the results indicated that
temperature has the biggest influence on the composition of producer gas. Figure 4 shows
that, under constant O/C, H/C, and N/C, the highest CO that was simulated occurred
at low ER and high T, whereas the highest CO,, CHy, and H; were predicted to occur at
both low ER and T. The results could be attributed to the reaction equilibrium constants
K} during reactions within gasification, which has been displayed in Figure 3. Figure 3
shows that R3 has K3* < 1 at T > 890 K. This indicates that the reaction would result in
a higher proportion of H, than CHy. In the case of R4 occurs at T > 970 K, K4 shifts into
Ky* and K4* < 1. As a result, R4 would result in more CO than CO, and H,. The same
holds for the shifting from Ks to K5* at temperatures greater than 1110 K. K5* > 1, which
triggers R5 when to produce more CO and H; than CHy. R6 would produce more C¢Hg
than H, and CO because Kg* is always less than 1 when shifting from Kg to K¢* occurs.
Low temperatures (900-1273 K) gasification [64,65] would trigger R3 to produce more Hy,
whereas R4 produces more CO, CO;, and Hy. The reaction R5 and R6 would be responsible
for producing CH4 and C¢Hg. High gasification temperatures (T > 1273 K) would lead to
the production of Hy by R3, CO by R4, CO, and H; by R5 and C4Hg by Ré.

Other studies [10,18,19,65,66] show that the percentage of CO increases while the
percentages of CO,, CHy, and H; decrease with increasing temperature. In contrast, some
studies also show that the percentage of CO and H, decreases [42,45,67,68] with increasing
temperature. It seems that increasing gasification temperature may result in different
compositions of producer gas. The composition of producer gas does not only depend on
the temperature, but it also depends on the ER. Figure 4 shows that the compositions of
CO, CO,, CHy, and H; decrease with increasing ER. The ER changes significantly affect the
composition of CO and Hj, which may be explained by the oxidation zone. In the oxidation
zone, series of isothermal processes (C + O, = COyp), (C + %0, = CO), (H, + 20, = H,0),
and (CO + %40, = CO,) produce heat [3]. As ER rises, the airflow in the reactor increases.
Increasing air in the oxidation zone would affect the reactions of carbon, carbon dioxide,
and hydrogen with oxygen. These reactions yield CO, and H,O [10,65]. The reaction
between CO, and H,O would subsequently be employed in the reduction zone. If the
airflow in the reactor is too low, C will not be burned into CO, CO,, and CHjy. Therefore,
increasing ER leads to the reduction of CO, CO,, Hy, and CHy [18,65,69,70].

Equations (48)—(51) were further applied to simulate the effects of O/C and H/C on
the composition of producer gas, under constant N/C, ER, and T. At N/C of 0.0198, ER of
0.332, and T of 1128 K, the lowest predicted composition of CO and CO, were 21.253% and
14.651% mol, respectively. These values were obtained at O/C of 0.71 and H/C of 1.792. The
lowest predicted composition of CHy and H; were 1.531% and 13.584% mol, respectively,
which occurred at O/C and H/C of 0.61 and 1.2, respectively. The highest predicted
composition of CHy and Hj, i.e., 1.531% and 13.584% mol, respectively, were obtained with
O/Cand H/C of 0.831 and H/C of 1.792, respectively. Based on the simulation above, the
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€O (%mol)

CH, (%mol)

biomass gasification process should be carried out under high O/C but low H/C to obtain
the maximum CO and CO,. Both O/C and H/C should be high to obtain the maximum
CHy4 and H,.
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Figure 4. Simulation on the effects of ER and T on the gas composition of (a) CO, (b) CO;, (c) CHy,
and (d) Hy at conditions H/C =1.494, O/C = 0.689, and N/C = 0.0198, built using Equations (48)—-(51).

This is in line with the simulation shown in Figure 5, which demonstrates increasing
CH,4 and H; with H/C. In contrast, the CO and CO; decrease. Increasing CO, CO,, CHy,
and H; is simulated with increasing O/C. H, and CH, are produced from endothermic
reactions, and the production may continue with an increase in the H/C ratio during the
gasification process. Therefore, biomass that is rich in hydrogen content may produce more
H2 or CH4. Pradhan et al. [27] found that the hydrogen content of a biomass lowers CO
and COy, but increases H; and CHy4. Exothermic reaction may occur when the biomass is
rich in oxygen content. Increasing the O/C ratio would increase the compositions of CO,
CHy, and Hj. Similar findings are reported in other studies [27,48,62].

Aside from the processing parameters inside a reactor, the compositions of producer
gas are also affected by the properties of biomasses. Biomass usually consists of cellulose
(30-60%), hemicellulose (15-25%), and lignin (20-40%). On the Van Krevelen diagram
(Figure 6), lignin has the lowest H/C and O/C ratio, whereas cellulose has the highest
ratios [64]. Biomasses rich in hemicellulose and lignin are usually selected for gasifica-
tion [71,72]. The C-H-O ternary diagram indicates that a biomass with a high H/C ratio
produces more CHy and Hp, whereas a biomass with a high O/C ratio produces more CO
and CO, [71].
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Figure 6. Plotting biomass properties on a Van Krevelen scatter diagram. CRN—corn, SWD—sawdust,
WCP—woodchips, WPT—wood pellets, MSW—municipal solid waste, PKO—palm kernel oil.

4.5. Effect of H/C, O/C, ER and T on Tar Content

Tar produced by gasification is also affected by the biomass type, temperature, ER,
and reactor [17]. The existence of tar in the producer gas is problematic when syngas is
used for internal combustion engines [20]. The maximum tar concentration in producer
gas that is allowed for internal combustion engines is 100 mg/ Nm? [19]. The models
M1A-Mé6D predicted the composition of tar in the form of C¢Hpg in the range of 0. 885 and
2.835 mol% (Table 11). If this percentage is converted to gr/Nm?, Equation (45) yields
23,584-98,733 g/ Nm? tar in the producer gas. The simulation shows that the producer gas
satisfies the maximum tar requirement if it is applied as internal engine fuel. Equation (52)
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describes that the tar concentration (g/Nm?) is sensitive to changes in temperature and
O/C ratio. Figure 7 depicts the response of tar concentration to the changes of (a) ER and T,
(b H/Cand O/C.
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Figure 7. Simulation of C¢Hg (g/ Nm?) content in producer gas as a function of (a) ER and T at
H/C=1.494,0/C=0.689, and N/C =0.0198; (b) H/C and O/C at N/C = 0.0198, ER = 0.331, and
T=923K.

Figure 7 shows that biomass with a high H/C and O/C ratio produces a high concen-
tration of tar when T and ER are low. The tar concentration decreases with increasing T and
ER. Tar content falls when H/C lowers and O/C increases. Figure 7a may be obtained if the
ERis low and the temperature is high. Figure 7a can still be obtained at low a temperature,
but the ER must be high. The results suggest that minimum tar production during biomass
gasification could be obtained at T > 1073 K. The steam reforming process, as described in
Equation (14), may reduce tar production at high-temperature ER. Conversely, the original
models cannot predict tar content in the producer gas. The reaction constant in the original
model K¢ was more than 1. By modifying the models, K¢ <1, and the models accurately
predicted the tar concentration.

The results of the tar concentration simulated in this study are in line with the experi-
mental findings of other studies. Gasification of corn straw with a downdraft reactor at an
ER of 0.18 to 0.41 produced tar at concentrations of 7215 to 4617 mg/Nm?3 [73]. Gasification
of the same biomass with a downdraft reactor at an ER of 0.2 to 0.28 produced tar with
concentrations in the range of 369 and 67 g/Nm? [38]. Gasification of corn cob at ER of
between 0.2 and 0.4 yielded tar with concentration from 1.7 to 2.4 mg/Nm?; whereas the
wood waste gasifier in the same setup resulted in 1.85 to 3.1 g/Nm?3 tar [74]. Gasification
of MSW at an ER of 0.3 to 0.5 yielded a decreasing tar from 328.69 to 31.45 mg/Nm?,
respectively [40]. The tar concentration in the producer gas decreased from 418.95 to
78.57 /Nm> when the temperature of eucalyptus gasification was increased from 663.71 to
793.56 °C [56]. Another study also shows that tar concentration fell from9.4to 7.1 g/ Nm?
after the temperature was increased from 700 to 850 °C, respectively [75].

4.6. Effect of H/C, O/C, ER, and T on LHV-Gas

The heating value of syngas for internal combustion engines must be between the
range of 5.02 to 7.47 MJ/ Nm? [76] Hence, the calorific value has significant importance
in the biomass gasification process. This value is determined by the gas composition of
CO, CHy, Hy, and C¢Hg. Equation (53) indicates that changes in the LHV a5 (M]/ Nm?) are
significantly affected by variations of ER and temperature. Figure 8 depicts the response of
LHVg,s as a function of (a) ER and T, as well as (b) H/C and O/C ratios.
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Figure 8. Simulation of LHVgas (M]/ Nm?) as a function of (a) ER and T at H/C = 1.494, O/C = 0.689,
N/C =0.0198; and (b) H/C and O/C at N/C = 0.0198, ER = 0.332, T = 1321 K.

Figure 8a illustrates that the highest LHVg,5 could be obtained at low ER and high
T, under constant O/C, H/C, and N/C. The highest LHVg,5 could also be obtained at
high O/C and H/C ratios under constant N/C, ER, and T (Figure 8b). Therefore, selecting
biomass with high H/C and O/C ratios is important to get high LHV g5 during gasification
by maintaining low ER and high T during the process. Biomass with a high H/C ratio also
leads to more production of Hy and CHy, whereas a high O/C ratio promotes more produc-
tion of CO and CO;,. The simulation depicted in Figure 8 is in line with other experimental
studies. Gasification of palm kernel oil biomass at 850-950 °C. increases LHV from 4.02
to 4.65 MJ/ Nm3, compared to the literature. LHVgas rises from 4.49 to 5.15 MJ/Nmj at
720-802 °C [44]. In rice husk pellet gasification trials at 700-850 °C, LHV g5 rose from 4.19
to 5.86 MJ/Nm? [56]. Gasification with ER 0.20 and LHVgas 3.21 MJ/ Nm? [70]. The ER
biomass MSW fluidized bed reactors between 0.2 and 0.4, LHV s reduced MJ/ Nm? from
12.40 to 11.23 [31]. RDF gasification at 0.2-0.6, LHV g,s lowers from 12.77 to 12.50 MJ/ Nm3.
LHVgas declines around 0.14-0.3 ER. From 700 to 850 °C, LHVg,s climbs from 5.76 to
6.32 MJ/Nm?3 [77] LHVgas decreases as ER grows [78] Other empirical correlations corrob-
orate that LHVg,s rises as temperature rises, ER drops, H/C and O/C rise, and LHV g,
rise. [61,62]. Many empirical correlations and experimental studies reveal that when tem-
peratures rise, ER drops, H/C and O/C ratios rise, and the heating value rises.

4.7. Effect of H/C, O/C, ER, and T on CGE

Cold gasification efficiency (CGE) is a measurement of gasification performance [79]
Several factors affect CGE, including biomass type, reactor type, particle size, temperature,
and reactor type [80] Equation (54) was developed to evaluate the effect of N/C, O/C, H/C,
ER, and T on CGE. Equation (54) indicates that the concentrations of oxygen, hydrogen,
and carbon have a significant impact on biomass CGE. Figure 9 shows the different O/C
and H/C ratios on CGE (%).

Figure 9a illustrates that CGE increases with ER and T under constant H/C, O/C, and
N/C. Likewise, the CGE would increase with increasing H/C and O/C of the biomass
under constant gasification operational parameters as can be seen in Figure 9b. The positive
correlation of CGE with ER and T is in line with experimental studies. The CGE of woodchip
gasification increased from 45.6% to 61.9% when the gasification temperature was increased
from 558 to 612 °C, respectively [79]. Rice husk gasification at a constant ER of 0.3 yielded
CGE of 39.1% at a gasification temperature of 800 °C. The CGE value increased to 69.5%
when the gasification temperature was raised to 1400 K. Similar trend was also shown
with biomasses from sugarcane and palm kernel [81] The positive correlation of CGE with
gasification temperature has also been shown by other empirical findings [82,83]. Positive
correlation of CGE with ER has also been proven experimentally. Park et al. [31] used
downdraft fixed bed (DFB) and bubbling fluidized bed (BFB) reactors to gasify solid refuse
fuel (SRF) with ER values between 0.2 and 0.6. The CGE of the gasification increased from
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CGE (%)

47.76% to 51.44% in DFB reactor and from 61.4% to 67.25% in BFB reactor. Another study
showed that a small increment of ER significantly increases CGE. Increasing ER values
from 0.23 to 0.26 increased CGE from 58% to 65% [64]. Arun et al. [57] found that CGE
reached its highest values at ER of 0.35, i.e., 72.74%—CC-78.37%, and decreased when the
ER was beyond 0.35. However, another study found that the CGE reached 79.46% at ER of
0.378 when lignin-rich biomass was gasified.
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Figure 9. Simulation Prediction of CGE (%) as a function of (a) ERand T at H/C =1.691; O/C = 0.821,
N/C =0.0198; (b) H/C and O/C at N/C =0.0198, ER = 0.331, T = 1321 K.

5. Conclusions

This study developed stoichiometric models that involve correction factors for the
reaction equilibrium constant. The developed models focus on reducing errors, predicting
tar content, and applying steam reforming reactions. Six stoichiometric models (M1-M6)
with four-factor models (A-D) and equilibrium constants (K5-K;) were developed in this
study, resulting in 24 model combinations with the following details.

e All models can predict the composition of the producer gas with an RMSE of less
than 3.5%.

e  All models can predict the concentration of tar (C¢Hg) in gas producers through using
steam reforming reactions in the modeling process.

e  Only three models (M1D, M2C, and M3C) out of 24 models showed high accuracy in
predicting CO, CO,, H, and N; gas concentration.

e  Model M2C can be further used to develop empirical correlations that include H/C,
O/C,and N/C.

e  The empirical correlation models have power function equations that include biomass
content and gasification operating parameters (H/C, O/C, N/C, ER, and T) as the
input variables.

e  The empirical correlations estimated the composition of CO, CO,, CHy, Hy, and

tar content (C¢Hg), LHV, and CGE with R? of prediction of each composition was
0.9815, 0.9931, 0.9960, 0.9354, 0.8634, 0.9950, and 0.8423, respectively. These results
confirmed that the inclusion of H/C, O/C, and N/C into the models makes the models
more reliable.

The empirical correlations developed in this study will be beneficial for identifying
the most appropriate biomass to be a gasifier, designing gasification operating parameters,
and predicting the resulting producer gas and tar composition, LHV, and CGE values.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/app14135880/s1, Table S1: The operational gasification parameters
of each biomass and the yield of producer gas to develop modified stoichiometric models with
correction factors and the new function for reaction equilibrium constant; Table S2: Sampel operating
conditions and experimental data sets for validation and testing model accuracy from literature.
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