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Abstract: Biomass gasification is the most reliable thermochemical conversion technology for the
conversion of biomass into gaseous fuels such as H2, CO, and CH4. The performance of a gasification
process can be estimated using thermodynamic equilibrium models. This type of model generally
assumes the system reaches equilibrium, while in reality the system may only approach equilibrium
leading to some errors between experimental and model results. In this study non-stoichiometric
equilibrium models are modified and improved with correction factors inserted into the design
equations so that when the Gibbs free energy is minimized model predictions will more closely
match experimental values. The equilibrium models are implemented in MatLab and optimized
based on experimental values from the literature using the optimization toolbox. The modified
non-stoichiometric models are shown to be more accurate than unmodified models based on the
calculated root mean square error values. These models can be applied for various types of
solid biomass for the production of syngas through biomass gasification processes such as wood,
agricultural, and crop residues.
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1. Introduction

In recent decades alternative sustainable energy sources have been being considered and utilized
to decrease dependency on fossil fuels. Biomass is one of the most favorable and promising clean energy
sources which is neutral in terms of carbon dioxide (CO2) and emits lower amounts of greenhouse
gases [1,2]. Biomass can be used in direct combustion to generate energy in the form of heat or can
be transformed into more valuable gaseous and liquid fuels, for example generating vehicle fuel,
providing the heating for industrial unit operations, and generating heat and electricity for household
use [3,4].

Different technologies have been developed to convert solid biomass into renewable fuels such
as thermochemical, biological, and mechanical conversion methods. Thermochemical conversion
technologies can be categorized as gasification, pyrolysis, combustion, and liquefaction [5–10].
Among these technologies, biomass gasification is considered as a reliable conversion technology due to
the production of clean syngas for the efficient generation of heat and power while leading to relatively
low emissions of pollutant [11,12]. Biomass gasification is a thermochemical conversion process which
converts solid biomass feedstock into a mixture of gaseous components including hydrogen (H2),
carbon monoxide (CO), carbon dioxide (CO2), and methane (CH4) through partial oxidization [13,14].
In addition to these major products, some minor products such as a nitric oxide (NO), nitrogen dioxide
(NO2), water vapors (H2O), ammonia (NH3), hydrogen cyanide (HCN), hydrogen sulphide (H2S),
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sulphur dioxide (SO2), and sulphur trioxide (SO3) may also be observed as well as some amount
of tar and char [15–17]. The composition of these major and minor products and the quality of the
syngas from gasification depends on the biomass type, gasification agent, gasifier type, and operating
parameters [18,19]. After cleaning or removing the undesirable compounds from syngas, it can be
employed as a fuel in gas fired engines and turbines [20]. Biomass gasification is also favorable compared
to combustion because it leads to lower emissions of SOx and NOx in the environment [21]. Dioxins and
furans may also be observed which can be reduced by using hydro-gasification processes [22].

Various studies have looked at the modeling and simulation of biomass gasification processes
which can generally grouped into three different kinds of models: (a) kinetic models, (b) computational
fluid dynamic models, and (c) thermodynamic equilibrium models [17,23,24]. Kinetic models [25] are
quite complex models because they depend on the reaction mechanism of various chemical reactions
occurring in the gasifier. These kinds of models are suitable for the prediction of process parameters and
gasifier design. Computational fluid dynamics models [26] are also very complex models because a wide
variety of physical phenomena (such as particle geometry and fluid flow properties etc.) are required for
the simulation and they also included sub-models related to the oxidation, vaporization, and pyrolysis.
Thermodynamic equilibrium models [16,27,28] are simple and can be solved using less computation time
than more complex kinetic and CFD models. While dealing with experiments, equilibrium conditions
may not be achieved in the gasifier but these thermodynamic models give an estimation of the output
composition of the syngas. There are two approaches to equilibrium modelling: (a) stoichiometric and
(b) non-stoichiometric models. Stoichiometric models [27,29] are developed on the assumption that
certain chemical reactions reach equilibrium and solving this type of model requires calculation of
the associated equilibrium constants. For the non-stoichiometric models [16,17,30] the equilibrium
is determined by minimizing the Gibbs free energy of the reaction products without specifying any
given reactions in the gasification process.

In the previous studies many researchers have developed non-stoichiometric equilibrium models
based on proposed global gasification reactions which specify the major and minor products [16,30,31].
For the first time, Altafini et al. [31] developed a modified equilibrium model based on the minimization
of Gibbs free energy. They considered the five components of biomass feedstock such as carbon (C),
hydrogen (H), oxygen (O), nitrogen (N), and sulphur (S). They modified the model by considering
a heat loss of 1% in the energy balance and optimized using the Lagrange multipliers method.
Jarungthammachote and Dutta [30] modified the model proposed by Altafini et al. [31] for the different
bed gasifiers. Their model is modified by considering the effect of the carbon conversion on the
major components of the syngas such as H2, CO, CO2, CH4, and N2. Buragohain et al. [32] developed
a semi-equilibrium model by minimizing the Gibbs free energy. They considered four different
carbon conversion levels i.e., 70%, 80%, 90%, and 100%, and compared the results at each level.
Kangas et al. [33] developed an equilibrium model (minimizing Gibbs free energy) considering some
hydrocarbon species as a minor product in the gaseous phase, water vapors in the liquid phase
and SiO2 is considered in solid-phase with unreacted carbon. Gambarotta et al. [16] developed
a non-stoichiometric equilibrium model considering 16 products and used the carbon conversion
factor α (unreacted carbon) proposed by Azzone et al. [27]. Based on these previous studies it is
clear that three types of modifications have been considered in non-stoichiometric models including:
carbon conversion efficiency, gasification efficiency, and the amount of heat loss in energy balance.

In this study non-stoichiometric thermodynamic equilibrium models have been formulated
with and without the carbon conversion factor to predict the syngas composition from the biomass
gasification process. These models are further modified by adding correction factors in the Gibbs
energy equations which are solved for each component of the syngas (in this case Equations (6)–(10)).
These correction factors are generated by optimizing the formulated models using a large data set of
biomass gasification experiments in the MatLab optimization toolbox. These models are validated with
experimental values from the literature and compared to show any improvement in model accuracy
resulting from the correction factors.



Energies 2020, 13, 5668 3 of 17

2. The Non-Stoichiometric Thermodynamic Equilibrium Model

To develop the non-stoichiometric equilibrium models, the following assumptions have
been considered.

• The biomass feedstock consists of carbon, hydrogen, oxygen, and nitrogen.
• N2 is considered to be inert.
• Alkalies and metal contents in the biomass are neglected.
• Ash is considered as inert.
• The syngas consists of H2, CO, CO2, CH4, and N2 [34].
• Minor products compounds containing sulphur and nitrogen (e.g., SOx and NOx are neglected).
• Downdraft gasifier produces a very low amount of tar [27,35] which is neglected in this model.
• The biomass feedstock and the air enters into the gasifier at the temperature of 25 ◦C and the

gasifier pressure is 101.13 kPa.
• Heat losses are not considered and the system is considered as adiabatic.

The global gasification reaction inside the gasifier is considered as follow:

CHaObNc + wH2O + mO2 + ρmN2 = (1− α)C + x1H2 + x2CO + x3CO2 + x4H2O + x5CH4 + ρmN2 (1)

where CHaObNc is the molecular formula of biomass and w is the amount of the water moisture in the
solid biomass feed (per mole of carbon in the biomass). The Nitrogen to oxygen molar ratio is denoted
by ρ (e.g., 3.76 for the standard air) and m is the moles of the oxygen in the air entering into the gasifier.
Azzone et al. [27] introduced an α factor for the carbon conversion efficiency. The subscripts a , b and c
are derived from the given ultimate analysis of biomass. The terms of x1, x2, x3, x4, x5 and (1− α) are
the moles of H2, CO, CO2, H2O, CH4 and unreacted carbon, respectively, in the product per mole of
carbon in the feed.

To predict the syngas composition, the mass balance constraints are as follow:
Carbon balance:

x2 + x3 + x5 = α (2)

Hydrogen Balance:
a + 2w = 2x1 + 2x4 + 4x5 (3)

Oxygen Balance:
b + w + 2m = x2 + 2x3 + x4 (4)

To solve this equlibrium system, the Lagrange multiplier method is applied and λk is introduced
for every element as λH, λC and λO. There are three Lagrange multipliers because there are three main
elements considered in this model. The Lagrangian function which shows the total Gibbs free energy
of the gas mixture composed by M components at equilibrium conditions is given as:

G =
M∑

i=1

(
niG0

i

)
+

M∑
i=1

((niRT) ln(ni/ntotal)) (5)

where G0
i and ni are the standard Gibbs free energy and moles of the i-th species, R is the ideal gas

constant, and ntotal =
∑M

i=1(ni). The function can be minimized when all the partial derivatives of
the Lagrangian function are equal to zero. The partial derivatives of the Lagrangian function can be
written as follow:

G f H2

RT
+ ln

x1

xt
+

2λH

RT
= 0 (6)

G f CO

RT
+ ln

x2

xt
+
λC
RT

+
λO
RT

= 0 (7)
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G f CO2

RT
+ ln

x3

xt
+
λC
RT

+
2λO
RT

= 0 (8)

G f H2O

RT
+ ln

x4

xt
+

2λH

RT
+
λO
RT

= 0 (9)

G f CH4

RT
+ ln

x5

xt
+
λC
RT

+
4λH

RT
= 0 (10)

where G f i (kJ/mol) is the standard Gibbs function of formation which is the function of temperature T
of the every gas species. This function can be expressed as follow:

G f i = H f i − a′Tln(T) − b′T2
−

(
c′

2

)
T3
−

(
d′

3

)
T4 +

(
e′

2T

)
+ f′ + g′T (11)

The constant values of (a′ − g′) and enthalpy of formation H f i are given in Table 1 [36].

Table 1. The values of Hfi (kJ/mol) and the coefficients of Equation (11) Gfi (kJ/mol).

Compound Hfi
a
′

(kJmol−1K−1)
b
′

(kJmol−1K−2)
c
′

kJmol−1K−3
d
′

kJmol−1K−4
e
′

kJmol−1K
f
′

kJmol−1
g
′

kJmol−1K−1

CO −110.5 5.619 × 103
−1.190 × 10−5 6.383 × 10−9

−1.846 × 10−12
−4.891 × 102 8.684 × 10−1

−6.131 × 10−2

CO2 −393.5 −1.949 × 10−2 3.122 × 10−5
−2.448 × 10−8 6.946 × 10−12

−4.891 × 102 5.270 −0.1207
H2O −241.8 −8.950 × 10−3

−3.672 × 10−6 5.209 × 10−9
−1.478 × 10−12 0 2.868 −0.01722

CH4 −74.8 4.620 × 10−2 1.130 × 10−5 1.319 × 10−8
−6.647 × 10−12

−4.891 × 102 14.11 −0.2234

All the Equations (2)–(11) are solved by the Newton–Raphson iterative method to find the values
of the unknowns x1, x2, x3, x4, x5, λH, λC and λO.

Energy Balance

The reaction temperature of the gasifier is the temperature that fulfills the energy balance
Equation (12). This equation can also be helpful to calculate the amount of the entering air or oxygen
used for the oxidation reactions.

H0
f _biomass +

N∑
j=1

(
H0

f _ j +

∫ Tin

298.15
CpjdT

)
=

M∑
i=1

(
H0

f _i +

∫ Tg

298.15
CpidT

)
(12)

where H0
f _biomass which can be calculated as follow [37]:

H0
f _biomass= LHV +

∑
k=prod

(
nk (H0

f _k)
)

(13)

where lower heating value (LHV) of the biomass is the function of higher heating value (HHV) of the
biomass that can be calculated as following [38]:

LHV = HHV − 9 mH (h f g) (14)

HHV = 0.3491 C + 1.1783 H + 0.1005 S − 0.1034 O − 0.0151 N − 0.0211 Ash (15)

where the specific heat Cp (kJ/kmol K) in Equation (12) at constant pressure is a function of the
gasification temperature which can be calculated as follow:

Cp(T) = A′ + B′T + C′T2 + D′T3 (16)
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where T is the gasification temperature in K and

T∫
298

Cp(T)dT = A′T + B′T2 + C′T3 + D′T4 + z (17)

where z is the integral constant and the coefficients(A’–D’) of specific heat are given in Table 2 [39].

Table 2. The coefficients of specific heat Cp (kJ/mol) in Equation (17).

Gas Species A′

(kJmol−1K−1)
B′

(kJmol−1K−2)
C′

(kJmol−1K−3)
D′

(kJmol−1K−4)
Temperature

Range (K)

H2 29.11 −0.1916 × 10−2 0.4003 × 10−5
−0.8704 × 10−9 273–1800

CO 28.16 0.1675 × 10−2 0.5372 × 10−5
−2.222 × 10−9 273–1800

CO2 22.26 5.981 × 10−2
−3.501 × 10−5

−7.469 × 10−9 273–1800
H2O(g) 32.24 0.1923 × 10−2 1.055 × 10−5

−3.595 × 10−9 273–1800
CH4 19.89 5.204 × 10−2 1.269 × 10−5

−11.01 × 10−9 273–1500
N2 28.90 −0.1571 × 10−2 0.8081 × 10−5

−2.873 × 10−9 273–1800

3. Model Implementation

There are a total of eight unknown defined in the non-stoichiometric equilibrium model which are
x1, x2, x3, x4, x5, α, λH,λC, and λO representing the syngas composition xi, unreacted carbon (1− α),
and Lagrange multipliers λH,λC, and λO. Therefore, eight equations are needed to find the unknowns.
These eight equations are; three mass balance equations (Equations (2)–(4)) and five equations for the
Lagrangian function (Equations (6)–(10)). These equations are solved by the Newton–Raphson method
in MATLAB as shown in Figure 1. Four non-stoichiometric thermodynamic equilibrium models have
been developed to estimate the syngas composition from the biomass gasification process. The details
of all these models have been shown in Table 3.
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Table 3. The details of the models.

Model Equations (2)–(4), (6)–(10) α Correction Factor

M1
√

1 -
M2

√ √
-

M3
√

1
√

M4
√ √ √

4. Results and Discussion

The accuracy of the developed models and modified models had been trained and optimized by
the large data set of 32 experiments. These models are also tested by the 18 experiments and validated
with the already published modeling studies. The data from these experiments for training and testing
is listed in the Supplementary Materials. The biomass feedstock data used for the training and the
testing is shown in Table 4 including many of the same biomass types considered by Aydin et al. [34].
The effect of ash is not expected to have a significant affect on the models, with relatively small ash
content and a minor effect through Equation (15). Finally, the root mean square error (RMSE) is
calculated for comparisons and to check the accuracy of the developed models as in Equation (18).

RMSE =

√√√ N∑
i=1

(EXPi −MODEL )2

N
(18)

Table 4. Ultimate and proximate analysis of different biomass feedstocks. (% dry mass for composition
and MJ /kg of dry mass for HHV and LHV).

No. Biomass Type C H O N S FC VM Ash HHV LHV Ref.

1 Wood pellet 50.70 6.90 42.40 <0.3 0.39 18.86 [40]
2 Wood pellet 50.67 6.18 40.97 2.00 0.18 1.00 18.69 [41]
3 Wood chips 45.60 5.90 48.40 <1.0 0.07 12.3 77.5 1.50 20.50 19.10 [42]
4 Wood chips 46.50 5.80 43.50 0.2 0.10 14.3 60.9 3.90 17.29 [43]
5 Bagasse 48.20 6.10 44.30 0.3 0.03 1.1 19.26 17.93 [43]
6 Wood 50.40 5.90 43.30 <0.1 <0.01 0.30 20.27 18.99 [43]
7 Wood sawdust pellet 48.91 5.80 45.11 0.18 17.27 80.63 2.10 18.43 [44]
8 Rubber wood 50.60 6.50 42.00 0.20 19.20 80.1 0.70 19.60 [35]
9 Polish pellet 52.60 5.90 41.30 0.30 19.50 70.0 0.50 17.00 [45]

10 Torrefied pellets 56.00 5.00 38.60 0.30 34.50 60.0 1.00 20.00 [45]
11 Wood chips 50 6 44 0 0 0 [46]
12 hazelnut shells 46.76 5.76 45.83 0.22 0.67 0.77 [47]

4.1. Model Modification

Model M1 is the general non-stoichiometric equilibrium model which is based on a global
gasification reaction. This model predicts the syngas composition considering the complete carbon
conversion without any modification. Model M2 is an extension of model M1 considering the unreacted
carbon with the syngas composition at the end of the gasification process. Model M3 and Model M4
are the modified versions models M1 and M2, respectively. These models are modified by introducing
correction factors in each Gibbs equation for each component of the syngas.

These correction factors are found by optimizing the formulated non-stoichiometric models using
data from published experimental studies. These models are implemented in MatLab and “fminumc”,
a built-in optimization function in MatLab, is used to optimize the correction factors so that the predicted
composition of syngas more closely matches with experimental values. This involved minimizing
the root mean square error (RMSE) with respect to experimental results (32 sets of experimental data).
After optimization the fitted correction factors are shown in Table 5.



Energies 2020, 13, 5668 7 of 17

Table 5. Correction factors for the Models M3 and M4.

Correction Factors for Equations (6)–(10) M3 M4

Cr1 (for Equation (6)) 5.2713 5.2086
Cr2 (for Equation (7)) 4.8862 4.7983
Cr3 (for Equation (8)) 6.4032 6.4534
Cr4 (for Equation (9)) 6.3075 6.2949
Cr5 (for Equation (10)) 7.7106 7.7483

These correction factors are used in each Gibbs equation for each component of the gas from
Equations (6)–(10) given as the modified Equation (19).

G f i

RT
+ ln

xi
xt

+
2λi
RT

+ Cri = 0 (19)

4.2. Model Validation

The developed models in this study had been validated against the published experimental [48],
stoichiometric [27] and non-stoichiometric [16] modeling studies in the literature. These models
presented the major product of the biomass gasification process such as H2, CO, CO2, CH4, and N2.
Therefore, the model validation is also considered against these major products. Validation is done by
taking wood biomass (a = 1.44, b = 0.66, and moisture content (MC) = 20%) at a temperature (T) of
1073 K. It can be seen that the literature models overestimates the volume or mole fraction of hydrogen
and underestimate the fraction of carbon monoxide, carbon dioxide, and methane. The two developed
models M1 and M2 show a similar behaviour with RMSE values similar to the two models form the
literature. The RMSE of M1 and M2 are 1.9966 and 1.9034 while the RMSE of the non-stoichiometric
and stoichiometric in the literature are 2.1887 and 1.8910. Moreover, 94% carbon conversion (α) is
achieved in models M2 and M4 at the conditions mentioned in Table 6.

Table 6. Non-stoichiometric models validations in volume fractions (%) at T = 1073 K and MC = 20%.

Gas M1 M2 M3 M4 Exp. Data in [48] Model [16] Model [27]

H2 23.59 23.04 14.88 15.69 15.23 25.0 23.39
CO 22.52 20.80 19.96 19.94 23.04 21.57 20.80
CO2 11.04 11.95 13.28 12.84 16.42 11.73 12.32
CH4 0.03 0.02 4.16 3.12 1.58 0.04 0.75
N2 42.81 44.16 47.69 48.38 42.31 41.66 42.74

RMSE 1.99 1.90 1.48 1.57 2.18 1.89

The modified models M3 and M4 are also compared with the experimental and modeling
results. Table 6 shows a comparison between the modified developed model with other experimental
and modeling results. The fraction of hydrogen is almost identical or similar to the experimental
hydrogen fraction. While carbon monoxide and carbon dioxide are underestimated, and methane is
overestimated. Although there is still room for improvement the modified models are shown to have
improved accuracy compared to existing published models.

4.3. Comparison of Objective Function

The comparison of the overall root mean square error of all the developed and modified models
using the 32 experimental training set data is shown in Table 7. This training set is used in the
optimization to estimate values of Cr1 and Cr2. Model M1 showed the highest value 2.25 of the overall
RMSE while the value for model M2 is 1.8676. Model M2 is possibly more accurate because it considers
and estimates the amount of carbon converted while model M1 considers complete conversion.
The overall RMSE of model M3 and M4 is 1.49 and 1.23, respectively, which are clearly lower than
the equivalent models without correction factors (M1 and M2). Among all these non-stoichiometric
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thermodynamic equilibrium models, Model M4 showed the lowest overall RMSE. This model can be
used for any type of solid biomass to estimate the syngas composition from the biomass gasification
process. The Individual root mean square of each case in training is showed in Figure 2. The comparison
of the testing data set of 18 experiments is shown in Table 8. This testing data have not been used in
the optimisation, in this way it gives a fair comparison of the different models. The testing data set also
showed the same trend as the training data set showed.

Table 7. The overall room mean square error (RMSE) of all four models based on the training data set.

Model Overall RMSE

M1 2.25
M2 1.86
M3 1.49
M4 1.23
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Table 8. The overall RMSE of all four models based on testing data set.

Model Overall RMSE

M1 4.07
M2 3.46
M3 3.16
M4 2.76

4.4. Comparison of the Syngas Composition

The composition of the major species of syngas obtained from all non-stoichiometric models and
experimental studies can be observed in Figures 3–7. Figure 3 shows the composition of hydrogen gas
from all models and experiments, and this shows that models M1 and M2 overestimate the composition
while models M3 and M4 gave a very close estimation of hydrogen gas. Figure 4 shows a comparsion
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of models and experiment for carbon monoxide. This shows that all the models except model M4
overestimate the composion of CO gas for most of the experiments and Model M4 gave the closest
values of composition with respect to the experiments. Figure 5 shows that all the models underestimate
the prediction of carbon dioxide, but still model M4 gives the best estimation of carbon dioxide for
these experiments. Figure 6 shows the model and experimental value of methane composition. In the
thermodynamic equilibrium models, we observed that the methane gas was under-predicted for
the models without modification and overestimated for models with the added correction factors.
The composition of methane gas is not as important as the other gases in the syngas. Figure 7 shows
the composition of nitrogen gas as predicted by the models and the experimental values. Nitrogen gas
represents a large fraction of the product gas because it enters in large quantities through the air fed
into the gasifier. Models M1, M2, and M3 are shown to underestimate this nitrogen fraction for most of
the biomass cases while model M4 gave the best estimation for most these experiments.
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4.5. Effect of Parameters on Syngas Composition

The main parameters in this study that influence the composition of syngas are the moisture
content of the biomass, the temperature of the gasification process, and the equivalence ratio (ER).
This is investigated here for the validation case given in Table 6.

4.5.1. Effect of Biomass Moisture Content

Figure 8 shows the effect of the moisture content of woody biomass on the composition of
syngas at 1073 K. Figure 8a–d show the effect on syngas composition as predicted by the models
M1, M2, M3, and M4, respectively. From these figures it can be seen that there is a very small decrease
in the composition of inert nitrogen (N2) as a result of increasing the moisture content. It is also
observed that the composition of the H2 and CO2 increase and the composition of CO is decreases with
increasing moisture content. Although CH4 is produced in very small quantities in air gasification,
the trend shows that the composition of CH4 is decreases with increasing moisture content. From the
figure, it can be seen that the highest quantities of H2 and CO can be achieved by increasing the
moisture content as shown using modified models M3 and M4 (Figure 8c,d, respectively).
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4.5.2. Effect of Gasification Temperature

Figure 9 shows the effect of the gasification temperature on the syngas composition at the fixed
moisture content of 20%. Figure 9a–d show the effect of gasification temperature on syngas composition
as predicted by the models M1, M2, M3, and M4, respectively. From the figure, it is clearly observed that
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there is a decrease in the composition of inert nitrogen (N2) resulting from increasing the gasification
temperature. It is also observed that the composition of the main components of syngas H2 and CO
increase at higher gasification temperatures while the fraction of CO2 decreases at higher gasification
temperatures. It is also observed the maximum fractions of H2 and CO can be obtained at temperatures
of 1050 K and higher which also give the lowest fractions of CO2 and CH4 (Figure 9c,d).
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4.5.3. Effect of Equivalence Ratio (ER)

Figure 10 shows the effect of the equivalence ratio on the syngas composition at a fixed moisture
content of 20% and at a gasification temperature of 1073 K. Figure 10a–d show the effect of ER on
syngas composition as predicted by the models M1, M2, M3, and M4, respectively. The composition of
the N2 and CO2 increases with increasing ER values. It is also observed that the composition of the
main components of the syngas H2 and CO decrease with increasing ER values.
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5. Conclusions

In this study, non-stoichiometric thermodynamic equilibrium models for the biomass gasification
process have been formulated with and without considering the complete conversion of carbon to
predict syngas composition. These models were modified by introducing correction factors in the
Gibbs function for each component of syngas in the product. As far as we know this is the first
study to consider correction factors added into Gibbs functions. These correction factors are obtained
by optimizing the developed models based on 32 sets of experimental data using an optimization
algorithm inside MatLab. Moreover, the modified models and the original models have been validated
and compared against published experimental data and other modeling studies. The end results show
that introducing correction factors in this way increases the model accuracy of the non-stoichiometric
thermodynamic equilibrium models (with and without considering complete the carbon conversion).
Model M4 which considers the estimation of carbon conversion (generally incomplete conversion)
together with the added correction factors gave the lowest values of the overall RMSE for both training
and testing experimental data. This model shows improved accuracy compared with thermodynamic
equilibrium models which do not have correction factors. These modified models can be used to
predict the syngas composition for any type of solid biomass feedstock at ranges of different operating
conditions used inside gasification. Additionally, these models could potentially be improved by
adding additional fitted parameters, which might allow a more accurate prediction and account for the
influence of different operating and feed conditions.
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Nomenclature

C Carbon mass fraction from the ultimate analysis
H Hydrogen mass fraction from the ultimate analysis
O Oxygen mass fraction from the ultimate analysis
N Nitrogen mass fraction from the ultimate analysis
S Sulphur mass fraction from the ultimate analysis
Ash mass fraction of ash in biomass feedstock
Gfi The standard Gibbs function of formation
a number of hydrogen atoms per carbon atom in biomass molecule
b number of oxygen atoms per carbon atoms in biomass molecule
c Number of nitrogen atoms per carbon atoms in biomass molecule
w the moisture of biomass (mole/mole of biomass)
m moles of oxygen (mole/mole of biomass)
ρ nitrogen to oxygen molar ratio in the oxidant
xi coefficients of the product constituent
α actual fraction of C participating in thermodynamic equilibrium reactions
Cpi specific heat capacity of component i
H0

f_i The heat of formation of component i
T Gasification temperature
λi Lagrangian multiplier
RMSE Root mean square error
LHV Lower heating value
HHV Higher heating value
Cri Correction factors
A’-D’ Coefficients of specific heat
R Ideal gas constant J/mol.K
ni No. of moles of each component in Gibbs function
hfg Heat of vaporization of water
Mi Non-stoichiometricic model
z integral constant
a’-g’ Coefficients of the standard Gibbs function of formation
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