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Biomass gasification process has been predicted and optimized based on process temperature, pressure, and gasifying agent ratios
by integrating Aspen Plus simulation with the high-dimensional model representation (HDMR) method. Results show that
temperature and biomass to air ratio (BMR) have significant effects on gasification process. HDMR models demonstrated high
performance in predicting H,, net heat (NH), higher heating value (HHV), and lower heating value (LHV) with coefficients of
determination 0.96, 0.97, 0.99, and 0.99, respectively. HDMR-based single-objective optimization has maximum outputs for
H,, HHV, and LHV (0.369 of mole fractions, 340 kJ/mol, and 305k]J/mol, respectively) but NH would be negative at these
conditions, which indicates that process is not energy-efficient. The optimal solution was determined by the multiobjective
which produced 0.24 mole fraction of H,, 158.17 kJ/mol of HHV, 142.48 k]J/mol of LHV, and 442.37kJ/s NH at 765°C, 0.59
BMR, and 1bar. Therefore, these parameters can provide an optimal solution for increasing gasification yield, keeping process

energy-efficient.

1. Introduction

Biomass waste utilization is one of the potential methods
that can help to minimize GHG emissions while satisfying
energy demands through syngas production. Amount of
hydrogen in the syngas is one of the primary indicators of
quality syngas. H, is also one of the environment friendly
energy vectors which has a wide range of application in
energy and agriculture sectors but it is not naturally avail-
able. Therefore, it needs to be produced through different
technologies which are debatable among researchers in
terms of sustainability issues. However, some renewable
energy technologies like solar and wind power have been
applied to produce more sustainable hydrogen [1]. Gasifica-
tion process can be used to synthesize the H, from biomass
waste which is also a renewable energy source. Thermal and

biological methods can be utilized to transform the biomass
waste into different types of energy or value-added com-
pounds. Pyrolysis and gasification are the two primary ther-
mal conversion processes, whilst anaerobic and aerobic
digestion are the biological processes that can be applied to
valorize biomass waste [2]. Researchers have extensively
studied these processes, and each process has its own tech-
noeconomic, energy, exergy, and environmental benefits
and drawbacks [2]. Therefore, H, energy vector can be pro-
duced through biomass waste gasification process which
could be sustainable in terms of economic, environment,
and energy efficiency.

Poultry litter biomass gasification process is the scope of
this study, which is one of the feasible and cost-effective
thermochemical process for biomass valorization. The final
product of the biomass gasification process is syngas, which
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is a mixture of CO, CO,, H,, and CH,. The quality of syngas
is determined by the biomass type, particle size, and process
parameters such as reaction temperature and gasifying agent
(air, steam, and O,) [3]. Process operating conditions
including temperature, pressure, and gasifying agents have
significant effect on output. Therefore, strive to get the opti-
mum process operating conditions is important but still
challenging [4]. Gasification process temperature and gasify-
ing agent also have significant effects on the syngas quality
because it promotes the decomposition of biomass into
lower molecular weight gases such as CO, CO,, H,, and
CH, [5]. According to research findings, increasing gasifying
agents (air, O,, steam, CO,, etc.) can contribute to higher
energy efficiency of the output by increasing H, content in
syngas [5, 6]. Similarly, higher temperature range in 800-
900°C promotes more H, production in gasification process
while low temperature produces char and CH, [2, 7]. Thus,
the biomass feedstock types, its particles size, and process
parameters such as temperature and gasifying agent can
influence syngas yield in the gasification process.

Prediction and optimization of the gasification process
can be done using process simulation and mathematical
modeling. Thermodynamic equilibrium and kinetic models
are the two primary aspects for biomass gasification model-
ing and simulation. In thermodynamic modeling, Gibbs free
energy minimization has been applied to obtain the thermo-
dynamic property of chemical processes while kinetic
modeling is more accurate compared with thermodynamic
models to predict the gasification process [8, 9]. Application
of kinetic modeling in simulation model development has
more stringent requirements in contrast to thermodynamics,
but high-performance computing simulation programs have
made it amenable to simulate it [10]. Aspen Plus” is one of
the process-based simulation software which has been
widely applied for chemical process simulation based on
thermodynamics and kinetic modeling [11]. Process model-
ing is feasible by using simulation software, but model input
parameters need to be changed for yield prediction, which
are limited to the availability of the respective model, simu-
lation software, and significance expertise that are also
required. Hence, the process yield prediction model with
high accuracy is required which can predict the output with-
out considering the aforementioned constraints.

There are various techniques adopted by researchers for
biomass waste valorization process optimization and predic-
tion. Vascellari et al. [12] proposed a technique for valida-
tion and application of the kinetic parameters to predict
and optimize the process output. Dang et al. [13] applied
the kinetic model for biomass gasification process prediction
and optimization using Aspen Plus software. Another
method was proposed by Hashimoto et al. [14], and it is
related to the detailed data extraction from the biomass val-
orization experimental or simulation studies for database
development, but interpolation of the intermediate values
is not possible in such technique. Xing et al. [15] developed
an artificial neural network (ANN) model to predict valori-
zation process output based on process parameters. Kargbo
et al. [16] applied ANN for the prediction of syngas from
two-stage gasification process, and coeflicient of determi-
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nant (R?) for all element of syngas was greater than 0.99 with
the exception of CO, and N, which have R? in the range of
0.74-0.82. Ascher et al. [17] also applied ANN for the predic-
tion of gasification process output based on input parameter
syngas quality, feedstock, and reactor type, and the R* for
this model was 0.9310. In addition to the prediction accu-
racy, complex chemical reactions were involved in gasifica-
tion process which needs to be represented by high
dimensional models. This leads to high computational cost
and also difficult in optimization by application of tradi-
tional mathematical techniques [18]. Machine learning and
neural network models are preferable option for predicting
output based on some algorithms, but these models use
backbox approach that ignores variable interactions, while
kinetic modeling has its own set of limitations in terms of
complexity and expertise. Therefore, a better prediction
and optimization approach is required for gasification pro-
cess which has better computational power, processing flex-
ibility, and efficient in terms of gasification prediction and
optimization.

The high-dimensional model representation (HDMR)
method is a tool for recording the input-output relationships
of high-dimensional systems. It is a mathematically proven
and efficient processing model because it shifts from expo-
nential scaling to polynomic complexity, which significantly
reduces computational effort [19]. In comparison to “black
box” models such as ANN, the HDMR model can be easily
used to describe the relationships between variables due to
the explicit expression. Furthermore, as an objective func-
tion, there is a flexibility in algorithms due to its simple
mathematical structure, which gives it advantages in algo-
rithm selectivity for process optimization. Rabitz and
Brownbridge et al. have developed this which has been
widely used to deal with complex situations in chemical pro-
cesses such as predictive model construction, global uncer-
tain analysis, and economic assessment [19, 20]. Pan et al.
[18] has applied the high dimensional model representation
(HDMR) for chemical process optimization in ecoindustrial
parks. Azadi et al. [21] applied HDMR in the global sensitiv-
ity analysis of lower heating value (LHV), cold gas efficiency
(CGE), and gas yield from algae biomass. Singh and Tirkey
[22] had applied response surface methodology (RSM) for
multiobjective optimization of Syzygium cumini biomass
gasification performance. H,, CGE, and HHV optimum
values were reported to have 0.1 (mole fraction), 25.23%,
and 3.96 MJ/kg, respectively. Xie et al. [23] obtained the best
operating solutions in a propane dehydrogenation process
for high efliciency by application of HDMR-based surrogate
models. Han et al. 2021 concluded comparatively weak
dependence of HDMR on training data size and a strong
ability to assess the sensitivity of output to input variable
for predicting dual-fuel ignition delay time [24]. Therefore,
these HDMR-based surrogate models have been categorized
into data-driven which uses the data generated from the
complex simulation models or experiment for prediction
purpose [25]. Considering the advantages of HDMR over
neural network and database approach, the HDMR-based
data-driven model is being developed for gasification output
prediction using methodology defined in Section 2.3. A
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dataset has been generated using a validated Aspen Plus sim-
ulation model given in Section 2.2, and then this dataset is
used to establish a surrogate model while reduces the com-
plexity compared with the physical model. Finally, this
HDMR data-driven model is applied for process optimiza-
tion by using the methodology presented in Section 2.4. Gas-
ification process prediction and optimization with net
energy constraint and the multiobjective optimization have
been carried out considering the following objective:

(i) Prediction and multiobjective optimization of hydro-
gen yield (H,), HHV, and LHV in poultry litter gas-
ification process by application of HDMR

2. Methodology

Gasification process simulation has been developed with the
help of literature-based experimental data. This model has
been validated against the experimental studies by applica-
tion of different types of biomasses, and then, the HDMR
prediction model has been developed based on this validated
version of simulation. Detail of this research methodology is
given in Sections 2.1-2.3.

2.1. Process Flow. Process flow diagram of the research
method has been given in Figure 1. Gasification process sim-
ulation data was collected from the different biomass gasifi-
cation process-related studies [26-28]. Reaction kinetics and
mass flow balance were considered while developing the gas-
ification process simulation model. This simulation model
had been experimentally validated by comparing it with four
different types of biomasses. For process validation, root
mean square error (RMSE) against each biomass type was
calculated. Design of experiments (DOE) given in Table 1
was used to obtain the necessary results for prediction model
development and optimization. For DOE, gasification pro-
cess input parameters such as temperature, pressure, and
gasifying agent (air) have been altered to produce different
syngas outputs as different studies proposed these process
parameters have significant effect on the process output.
Therefore, range of these process parameters have been
taken from literature which have been analyzed by one fac-
tor change at a time using DOE [5-7, 28]. Mole fractions
of hydrogen, lower heating value, higher heating value, and
net heat are the key performance indicators of this simula-
tion process. While net heat value signifies the net process
energy efficiency, therefore, net heat value should be greater
than zero which can be calculated by using Eq. (3). For NH,
HEATSRM block has been used in the simulation (Figure 2)
which calculates the total net heat of all reactors. The
HDMR-based prediction model has been developed based
on the design of experiment data. Validity of this model
has been confirmed by using coefficient of determination
(R?), mean square error (MSE), mean relative error (MRE),
and mean absolute error (MAE). Finally, the HDMR results
have been concluded in Section 4.

2.2. Process Simulation Model. The process simulation model
has been developed by using Aspen Plus. Four different

types of biomass waste including poultry litter, soft wood,
mix wood, and sewage sludge saw dust have been analyzed
for simulation model validity which is given in Section
2.2.2. Biomass waste is a nonconventional (NC) material;
therefore, proximate and ultimate analyses of the biomass
have been used as a feed taken from the experimental study
which have been obtained through feedstock analysis using
IKA C5000 calorimeter, Flash 2000 CHNS analyzer, and
NETZSCH STA 449 F3 Jupiter Thermogravimeter [28]. This
proximate and ultimate analyses (Table 2) have been used as
nonconventional feedstock in the simulation model. For
HDMR-based prediction, poultry litter biomass yield results
have been collected by multiple simulation runs as given in
Section 2.2.2.

In this simulation model, the Peng Robinson Equation of
States (PR) method is applied due to its better results when
the output is in the form of low molecular weight gases such
as CO, CO,, H,, and CH, [11]. Model has been developed
based on Gibbs free energy minimization given in these
studies [26, 27]. The total Gibbs energy of the reaction can
be calculated using the consolidated Eqgs. ((1)) and ((2))
obtained through studies [26, 27].

Total Gibbs Energy of the reaction (Gr)
N N , 1
= Zl:niAG}’i + ;niRTln N o

Mot

where n; represents the total concentration of mole, AG}J is

the standardized form of Gibbs free energy formations, and
R and T represent general gas constant and temperature,
respectively.

By application of the Lagrange multiplier method, Gibbs
free energy can be minimized as given in Eq. (2). In Aspen
Plus software, the process simulation model has followed
these equations for chemical process modeling.

Using Lagrange multiplier, Gibbs energy can be mini-
mized as given in the below equation:

oL n; k
— =AG%. +nRT1 L LE 2
(Sni f)l nl 1 ntotA j:zlal] ! ( )

where €; is the Lagrange multiplier, L is the Lagrange func-
tion, and a;; represents the j-th element in the i-th mole of

the compound equations for chemical process modeling.
Gasification parameters have been taken from the litera-
ture [5-7, 28]. Temperature ranges for gasification have been
specified by the researcher from 400 to 1000°C in different
studies [5-7, 28]. Therefore, temperature range for this
research study has been selected from 400 to 1000°C with
an interval of 100°C. Similarly, the effect of pressure varia-
tion on the gasification yield has also been analyzed. The
correlating effect of four different pressure levels including
1, 2, 3, and 4 bars has been analyzed to investigate its effects
on H,, HHV, LHV, and NH. Air is used as gasifying agent in
the process; hence, different ratios of biomass to air (BMR)
have been evaluated. Seven different levels of BMR including
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TaBLE 1: Design of experiment model [5-7, 28].

Yemperature  Pressure Blomass (041 Model runs (196

400 1 0.25 Tij x P;; x BMR,; = 28
500 2 0.33 T;; x P;j x BMR; =28
600 3 0.50 Tij x P;; x BMR,; = 28
700 4 0.75 Tij x P;; x BMR,; = 28
800 — 1.00 T;; x P;; x BMR; =28
900 — 1.33 Tij x P;; x BMR,; = 28
1000 — 2.00 T x Py x BMR; =28

whereT;is the respective individual value of temperature,P;;is the pressure
value, andBMR;is the respective individual air ratio.

0.25, 0.33, 0.5, 0.75, 1, 1.33, and 2.0 have been applied to
examine the results on the gasification output.

Process simulation has been developed on Aspen Plus by
selecting the Peng Robinson Equation of State (PR) method,
and the feed rate is 1000 kg/hr. For process simulation, it is
assumed that the model is in steady state, and the isothermal
condition with no heat or material loss in the reactors was
used [11]. Biomass enthalpy of formation, HCOALGEN,
and DCOALIGT property models have been selected [29].
Enthalpy, specific heat capacity, and density are determined
based on ultimate and proximate analyses of the biomass. C,
CO, CO,, H,, CH,, H,0, and N, components have been
selected for the model. Finally, ash is considered as a non-
conventional solid which is nonreactive. Gasification process
has been divided into different subprocesses, starting from
the dry biomass intake in the PYRO reactor. It is RStoic
reactor in which fraction conversions of the biomass have
been set at specified temperature with respect to the chemi-
cal reactions’ stoichiometry [30]. In PYRO block, fractional
conversions of poultry litter biomass have been taken as an
input. These fractions have been given in Table 3 which
are calculated based on elemental stoichiometry ratios. Tem-
perature and pressure of the reactor block vary from 400 to
1000°C and 1-4bar, respectively, as per Table 1. Products
produced from PYRO reactor have been separated by SEP1
into solid residue and gases. For further syngas recovery, res-
idue is further processed in the DECOMP block to produce
gases (CO, CO,, H,, and CH,) at 400-1000°C and 1-4bar
which combines with air and gas coming from SEP1 in the
mixer block. Combustion of this gas mixture has been simu-
lated by using the COMBUST (RPlug) block with specified
reaction kinetics which have been taken from the literature
[ 30, 31]. This is the main block which converts biomass
waste into syngas in the presence of oxygen at 400-1000°C,
1-4bar, and 0.25-2 BMR. Quality of produced syngas in
COMBUST block is not good. Therefore, further reforming
of the COMBUST block syngas has been done to make pro-
cess more realistic and closer to experimental results. Finally,
reduction of the outlet COMBUS stream has been done in
REDUCT (RPlug) block at 400-1000°C and 1-4bar to get
syngas which also includes reaction kinetics taken from the
literature [31].

N'= iH,,, (3)
i=1

where N" is the net heat stream and H), is the heat stream of
the respective block (PYRO, DECOMP, COMBUST, and
REDUCT).

This syngas has been validated with experimental results,
which is given in Section 2.2.1. The net heat stream has been
calculated, which is one of the key indicators to check the
process feasibility in terms of energy. Equation (3) has been
used to calculate the net heat stream. The process simulation
model has been applied for this calculation. Heat streams of
all blocks including PYRO, DECOMP, COMSTRM, and
REDSTRM have been connected into a mixer block
(HEATSRM) as given in Figure 2. This block calculates the
net heat stream (NHSTR, Figure 2) of the simulation model.
Higher net stream depicts more energy efficiency of the
process.

2.2.1. Validation of Simulation Model. The gasification pro-
cess simulation model has been validated by experimental
results [28]. Four different types of biomasses including
poultry litter, softwood pellets, mix wood pellets, and sewage
sludge saw dust have been used to validate the process sim-
ulation model. Mole fractions of H,, CO, CO,, and CH, pro-
duced in the simulation model have been compared with the
experiment results. Comparison of the mole fractions in
experimental and that determined by the simulation models
has been given in Figure 3. Furthermore, the root means
square errors (RMSE) of these comparative results have also
been calculated to obtain the overall results error. RMSE has
been calculated by using Eq. (4) [32]. Poultry litter (PL)
experimental (Exp.) and simulation (Sim.) values are close
to each other, similarly for the mix wood (MC), soft wood
(SW), and sewage sludge saw dust (SS) values that are bit
closer which reflect the more accuracy of the developed
model.

RMSE = ii(s” A (4)

in1 h

where RMSE represents the root mean square error, A; rep-
resents the experimental value of the element, S; represents
the simulation model value, i is the respective element (the
i-th element), and n represents the total number of elements
in comparison.

The RMSE between the poultry litter simulation data
and the experimental results is 1.5% which shows that the
results of the simulation model are close to the experimental
results. The RMSEs with respect to mix wood waste and soft
wood are 4.2% and 4.8%, respectively, while it is 3.3% for
sewage sludge saw dust. All RMSE:s in the validation are less
than 5% especially with respect to poultry litter, and it is
1.5% which is a sign of higher accuracy in the simulation
model.

2.2.2. Data Collection from Validated Simulation Model. Val-
idated process simulation of gasification has been employed
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FIGURE 2: Aspen Plus gasification process simulation model.

TaBLE 2: Proximate and ultimate analyses of biomass waste [28].

Poultry litter

Softwood chips

Mix wood chips Sewage-saw dust sludge

Moisture 7.6 52 10.6 44
Carbon 43.98 49.2 48.77 41.08
) ) Hydrogen 5.16 6.2 5.85 5.51
Ultimate analysis
Oxygen 31.98 44.06 4452 26.9
Nitrogen 4.63 0.08 0.05 3.77
Sulphur 0.75 0.06 0.01 0.94
Volatile matter 63.6 79.2 75.8 59.5
. . Fix carbon 15.3 15.2 12.8 14.3
Proximate analysis
Ash 13.5 0.4 0.8 21.8
HHV (MJ/kg) 16.8 19.0 17.3 17.8

TaBLE 3: PYRO fractional conversion of poultry litter (PL) biomass.

Fraction

Reactants R-coefficient ~ Products  P-coefficient conversion
of BM

PL -1 CH, 0.06233 0.06453
PL -1 H, 0.49606 0.00601
PL -1 CcO 0.03570 0.33908
PL -1 CO, 0.02272 0.29918
PL -1 H,O 0.05551 0.00047
PL -1 BIOCHAR 1 0.29073

for data collection which is further used for the development
of the HDMR model. For this purpose, design of experiment
has been developed with three independent variables of pro-
cess parameters. Temperature, pressure, and gasifying agent
(air) ratio have been used as the inputs because different
studies have revealed that gasification process output is
dependent on these process parameters irrespective of bio-

mass types [5-7, 28]. Multilevels of these input parameters
have been selected as mentioned in Section 2.2. Seven levels
of temperature from 400 to 1000°C with increment of 100°C,
four levels of pressure 1-4 bars, and seven levels of BMR
0.25, 0.33, 0.5, 0.75, 1, 1.33, and 2.0 have been selected in
the simulation model for data collection. Multiple runs of
the validated simulation model with poultry litter biomass
have been carried out because simulation results of poultry
litter gasification were better than others. Mole fractions of
H,, CO,, and CO along with the higher heating value
(HHV), lower heating values (LHV), and net heat have been
collected. The data collected from the validated simulation
runs have been used to develop the HDMR model for multi-
objective optimization.

2.3. High-Dimensional Model Representation (HDMR)
Model. The HDMR model has been developed for prediction
and optimization of gasification process [19]. In HDMR, the
output variable is expressed as a sum of functions that
depends on subsets of the input variables schematically
given in Figure 4 model while it is expressed mathematically
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Process simulation validation results

PL RMSE 1.5%

SW RMSE 4.8%

—eo— H2
—eo— CO
CO2

MC RMSE 4.1% SS RMSE 3.3%

CHa4
N2

FIGURE 3: Comparisons of experimental results and simulation data [28].

in Eq. (5) [33]. Temperature, pressure, and gasifying agent
(air) ratio have been set as inputs for HDMR while H,,
CO,, HHV, LHV, and NH values are the outputs of the
model.

y=fo+ Zfi(xl + Z Z fj(xx])+ N (XX xy),
i=1 i=1 j=i+1

()

where f,, denotes the zeroth order effect which is a constant,
N is the number of input parameters, i and j index the input
parameters, f;(x;) represents the effect of the i-th input var-
iable to the output y, and f,;(x;x;), fi,..n (%1%, -+ Xy), indi-
cates the correlated effect contributed by two input
variables (x;, x;) and all the input variables (x;, x; -+ xy) to
output, respectively.

Due to the nonlinear features of gasification process,
higher-order polynomial terms are required to obtain accu-
rate results. As given in Eq. (6), a better model expression
was adopted to generate surrogate models for describing
biomass gasification process [18]. Equation (6) can be seen
as a truncated approximation of Eq. (5) [18].

DRI i

k
zjk,n XX Xx]r‘l’ (6)

+

[\/]z
i Mx
HMN

where C is a constant term, A;; and B; ;; , are the first- and
second-order coefficients, K is the highest degree of input
variables, subscripts i and j denote the input parameters,
and y is the function value.

For better training efficiency, K has been parameterized
(as hyperparameters) in this study, and then, the training

of the HDMR model has been converted into polynomial
regression problem. The coefficients including C, A;;, and
B, i, were obtained by least squares. For evaluating the per-
formance of HDMR surrogate models, coefficient of deter-
mination (R?), mean square error (MSE), mean absolute
error (MAE), and mean relative error (MRE) in test set are
calculated by Egs. (7)-(12) [34, 35]. Data has been normal-
ized before using the algorithms for effective analysis and
processing.

i,j,k.n

n

Z 7 (7)

S8 = 2, (=)’ 8)

ss
RZ =1- res 9
Sstot ( )
pre
MAE = Z i ‘}, (10)
MSE = % (11)
n
i =il
MRE = Z 1 % 100%, (12)
yixn

where 7 is the i -th predicted output value, y, is the i -th
output value in dataset, #n is the amount of data in dataset,
and SS, represents explained sum of squares while SS,,
represents total sum of squares.

The HDMR data-driven models for different outputs
have named as H, model (for predicting the mole fraction
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FiGure 4: HDMR surrogate model illustration.

of hydrogen in the products), similarly for CO,, HHV, LHV,
and NH models. The training process obtains the parame-
ters A, B, and C with minimum error between model results
and the training data which has been programmed in
MATLAB. For this, data generated from the Aspen Plus
model is divided into 75% training set and 25% testing set.
Training data is employed to determine the best hyperpara-
meter K based on the 10-fold method and based on the K
results [18, 19], and then, the model can be generated.
Finally, 25% testing data is used to test the model for asses-
sing the predictability of the established model by calculating
the MSE, MAE, and MRE.

2.4. Gasification Process Optimization. Multiobjective opti-
mization has done by application of nonlinear programing
(NLP) based the problem model which is given in the fol-
lowing equation [36].

min f(x), (13)

where f:R"— R h:R"—R',andg:R"— R" are
smooth functions. For solving easier, the nonlinear program
(Eq. (13-15)) could be replaced by a sequence of barrier sub-
problems of the form

min Z(x,s)=f(x) —pu Z Ins;

s.t.h(x) =0, (16)

Gu(x)+5=0

where y > 0 is the barrier parameter and the slack variable s
is assumed to be positive. By decreasing values of y, the
sequence of solutions to Eq. (16) should normally converge
to a stationary point of the original nonlinear program Eq.
(13-15).

According to MATLAB function “fmincon” used in this
study, the process can be described as follows. The Lagrang-

ian function associated with Eq. (16) is defined by [37]
L(x,5 A Ay) = Z(x,9) + A h(x) +A§(g(x) +s),  (17)

where A, and A are the Lagrange multipliers.

The Karush-Kuhn-Tucker (KKT) conditions have been
solved to

0z
0x
Aigi(x) =0
A =0, (18)
0
0

:0)

>

Aihi(x) =0,

A=

1

The Hessian H of L(x,s, A, A,) is

H=Vf(x)+ Y AVg(x) + Y AV2hy(x).  (19)
i j

The Hessian (H) transforms into a matrix form and
which can be solved by any quasi-Newton methods. If the
computation fails, conjugate gradient step is used to solve
KKT conditions. It has been determined to minimize a qua-
dratic approximation to the problem Z(x,s) keeping the
solution in the trust region. After determining the search
direction, the appropriate step size needs to be found. The
interior point method (IPM) uses a decrease in merit func-
tion approach until the final stop tolerance is achieved,
where the resulted function is the combination of the objec-
tive function with the absolute value of the constraint viola-
tion times v, as presented in Eq. (20) [38] if it is a better step
or not.

Z(x,5) + v[|h(x), g(x) + 5[], (20)

where parameter v may increase with the iterations for fea-
sibility of solution (20) [38], if it is a better step or not.



International Journal of Energy Research

—

I
%

o
=N

Pressure

>
RS

S
)

0.5

—_ o

Temperature

0.2 0
0 Mole fraction of H,

(a) Effect of process parameters on mole frac. of H,

1.9
1.8
1.7

1.6

e
o

1.5

L
5 06
2 1.4
£ o04 1 :
0.2 1.3
0 05 1.2
1

Temperature 1.1

0.2

o 0 HHV

(c) Effect of process parameters on HHV

Pressure

—

0.5
Temperature

0.6
0.4

BMR 0.2

NH

(b) Effect of process parameters on NH

Pressure

0.5

Temperature

0.2
o O

LHV

(d) Effect of process parameters on LHV

FIGURE 5: Effect of gasification process parameters.

3. Results and Discussions

Result analysis and discussion for the simulation model and
HDMR surrogate model have been carried out, and descrip-
tions of these results are given in Sections 3.1 and 3.2.

3.1. Effect of Simulation Process Parameters. The effect of
process parameters including temperature, pressure, and
gasifying agent (BMR) on mole fractions of H,, NH, HHV,
and LHV has been illustrated in Figure 5. According to
Figure 5(a), increasing BMR improves the mole fractions
of hydrogen in syngas, and pressure has no significant effect
on the mole fractions of hydrogen, while temperature also
shows substantial effects on H, yield in syngas. Mole frac-
tions of the H, have been increased with increasing temper-
ature around 700°C. These findings are also consistent with
the previously published work [39, 40].

Process net heat (NH), an indication of energy efficiency,
has an inverse relationship with BMR, as shown in
Figure 5(b). NH increases as BMR drops in the process,
and NH has direct impact due to temperature. Temperature
has a considerable effect on NH; temperatures above 800°C

promote less NH, and pressure has little effect on NH.
Increasing pressure shows somehow positive change in
NH. The HHV and LHV show nearly identical patterns
and trends with BMR, pressure, and temperature. HHV
and LHV are directly connected with BMR; increasing
BMR has a significant positive influence on them, while
pressure has no effect.

Increasing BMR improves syngas HHV and LHYV,
whereas temperature has a correlation with HHV and
LHV, with lower temperature having better HHV and
LHV, as illustrated in Figures 5(c) and 5(d), respectively.
According to Figure 5, the gasifying agent (BMR) is the pri-
mary factor contributing to the mole fractions of H,, HHV,
LHV, and NH at 700°C, whereas pressure has no significant
effect on these process outputs. Therefore, BMR is the most
significant process parameter affecting the output of mole
fractions of H,, NH, LHV, and HHV while temperature is
also a contributing factor which affects the mole fractions
of H,.

3.2. HDMR Surrogate Model Analysis. As a hyperpara-
meter, the maximum degree of input variables K
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represents model complexity. The accuracy of the HDMR
surrogate model changes with K, which has been investi-
gated to establish the optimal parameter K in the models
for future application. A higher K value in the model can
result in model overfitting. Therefore, to prevent overfit-
ting, K value keeps low for HHV, LHV, NH, H,, CO,
and CO,, as given in Tables S1-S6. Furthermore, 10-fold
crossvalidation methods were used in this process to
avoid model overfitting. The training performances (R?)
have been improved significantly with the increase of K as
presented in Figure 6(a). According to this, the training of
models could get better R* when K is being increased from
1 to 8 but increasing K value also increases the risk of
overfitting. Therefore, lower K value is better for the
prediction model development. Specifically, R* for H,,
HHYV, LHV, and NH models is greater than 0.95 when K =

4 which means that the model can perform Dbetter
prediction for these output variables. As per Figure 6, more
complex model (higher K) has good fitness (R*) in the
training process. Therefore, the model’s output performance
in terms of mean absolute error (MAE), mean square error
(MSE), and percentage mean relative error (%MRE) was
also evaluated using the training set. The test set’s
increasing K values in MAE (Figure 6(b)), MRE
(Figure 6(c)), and MSE (Figure 6(d)) have been
investigated. The results of Figure 6(b) show that the H,,
HHV, LHV, and NH models produced higher accuracies
with  MAE less than 0.05 at K=5. MRE of these
parameters is less than 3% at K =5 in Figure 6(c). Mean
square error (MSE) of H,, HHV, LHV, and NH is less
than 0.01 at K=2 which represents the better model
performance in terms of MSE prediction for these
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parameters. Therefore, based on Figure 6 data, K =3 has
been set for optimal prediction of H,, HHV, LHV, and NH
with the lesser risk of overfitting.

Dataset based on different simulation runs has been
divided into test set and training set with 0.25 and 0.75
ratios, respectively, to get the optimum prediction results.
Then, models for different outputs were obtained (the coef-
ficients are shown in supplementary Tables S1-S6). The
training performance of these models is given in Figure 6.
The R* of these models lied between 0.90 and 0.99, which
means that all models are well trained for better
prediction. The results of these models have been
summarized in Table 4. According to these findings, the
LHV, HHV, and NH models perform best in the test set,
with MAE, MRE, and MSE values ranging from 0.025-
0.047, 1.9%-3.5%, and 0.001-0.004, respectively, followed
by the H, model, which has MAE (0.054), MRE (3.5%),
and MSE (0.001-0.004) (0.005). While the CO and CO,
model findings are not as good as those obtained by other
models, their MAE, MRE, and MSE are around 0.06, 5%,
and 0.009, respectively. The highest MRE about 5% for
CO,, could be due to process parameter variation as shown
in Table 1, particularly BMR, which has a more significant
effect on CO and CO, yield than the others. Using this
data, the HDMR model was developed, and the indicators
MAE, MRE, and MSE were determined from it. The
HHV, NHV, and NH models perform better in both
training and testing. All models demonstrated remarkable
generalization skills. Crossvalidations of the prediction
model were performed using actual data, as shown in
Figure 7. Coefficient of determinant (R?) for the prediction
of H, is 0.96, and the prediction values versus actual
datapoints are quite close to each other in Figure 7(a).
Similarly, R* for NH, HHV, and LHV are 0.96, 0.99, and
0.99, respectively. The prediction values and the actual
datapoints are also close to each other for NH, HHV, and
LHV, as presented in Figures 7(b)-7(d), respectively.
Therefore, these results, R>, MSE, MRE, and MAE, are the
indicators for the better predictability of the model. Thus,
the estimated values of all models correspond well with
the simulated values, indicating that the predictive models
of these variables are robust.

3.3. HDMR Surrogate Model Optimization. Biomass gasifica-
tion model optimization has been done with the application
of the HDMR-based surrogate model. Optimization has
been categorized into single-objective approach and
multiple-objective approach as given in Sections 3.3.1 and
3.3.2, respectively.

3.3.1. Single-Objective Optimization. HDMR-based model
optimization with single objective has been done by varying
the process input parameters. Mole fractions of H, are max-
imum 0.369 at 480°C temperature, 1.33bar pressure, and
2.00 BMR but at these parameters, process is not energy-
efficient due to negative NH value which reflects that exter-
nal source heat is being required in the process for biomass
valorization. The HHV and LHV both are maximum at
1000°C and 2.00 BMR, with 2.36 and 4.00 bar, respectively,

11
TABLE 4: Model test performance summary.

Model MAE MRE (%) MSE
H, model 0.0540 3.49 0.0048
CO model 0.0522 3.51 0.0043
CO, model 0.0774 5.15 0.0093
HHYV model 0.0275 2.00 0.0012
LHV model 0.0254 1.90 0.0011
NH model 0.0471 3.46 0.0043

as given in Table 5. The process is also not energy-efficient
because the net heat energy is negative at these conditions.
While gasification process energy efficiency in terms of net
heat is remarkable at 401.7°C, 0.25 BMR, and 2.77 bar but
mole fractions of H, are too low along with HHV and
LHV values. Therefore, single-objective optimization is
solely focused on one output while neglecting the other
parameters given in Table 5. Hence, incorporating other var-
iables, a multiobjective optimization could be a viable option
for optimizing the gasification process which could provide
an optimum solution considering HHV, LHV, mole frac-
tions of H,, and NH constraints.

3.3.2. Multiobjective Optimization. Multiobjective optimiza-
tion provides the better solution for feasible biomass gasifi-
cation process. The HDMR method had been applied to
obtain the multiobjective optimal solution based on the pro-
cess parameters. Equation (21) is the objective function,
Equation (22) is the constraints, and this model can be
solved by using the KTT conditions.

min - f,, (T, BMR, P), (21)

where f,, is the HDMR surrogate model for optimization of
H,, HHV, and LHV subject to

Temperature(T') ranges 400 < T-° < 1000
Pressure(P) ranges 1 < Py, <4
Biomass to air ration (BMR) ranges 0.25 < BMR < 2

fxu(T, BMR, P) >0
(22)

where f,; is the HDMR surrogate model for predicting net
heat based on T, BMR, and P.

Therefore, the HDMR model which fulfilled these model
constraints has been developed. According to model results,
around 765°C, 0.59 BMR, and 1 bar, the mole fraction of H,
is 0.24, with 158.17kJ/mol of HHV and 142.48kJ/mol of
LHV, respectively. This process is also energy-efficient
because 442.37Kk]J/s surplus net heat energy is being pro-
duced as per model result. Therefore, these conditions
(765°C, 0.59 BMR, and 1bar) are the optimum one which
can fulfill all set constraints for the gasification process.
These input parameters could be applied to get the optimum
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TABLE 5: Single-objective optimization.
Objectives T (°C) BMR P (bar) H, mole frac.) HHYV (kJ/mol) LHV (kJ/mol) NH (kJ/s)
Max H, 480.19 2.00 1.33 0.369 332.376 293.216 -2389.81
Max HHV 999.99 2.00 2.36 0.319 340.905 301.944 -2395.19
Max LHV 1000.00 2.00 4.00 0.320 338.757 305.400 -2348.73
Max NH 401.71 0.25 2.77 0.030 77.087 69.419 2236.67

output of gasification process in terms of better H,, LHV,
HHYV, and process energy efficiency.

4. Conclusion

In this study, the HMDR-based prediction model and multi-
objective optimization have been developed for biomass gas-
ification process. The following points have been concluded
based on this research:

(i)

(ii)

HDMR model training performances (R?) are 0.96,
0.97, 0.99, and 0.99 for H,, NH, HHV, and LHV,
respectively, which indicate the less error in predict-
ing output

Single-objective optimization concluded 480.19°C,
2.00 BMR, and 1.33bar as an optimum parameter
for maximum mole fractions of H, (0.369) but pro-
cess is not energy-efficient at these parameters due
to -2389.8Kk]J/s of NH
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(iii) Temperature and BMR are most contributing fac-
tors in the mole fractions of H,, LHV, HHV, and
NH. Multiobjective optimization results show that
765°C, 0.59 BMR, and 1 bar have the optimum out-
put in terms of 0.24 H, mole fraction, 158.17 kJ/mol
of HHV, 142.48kJ/mol of LHV, and 442.37Kk]/s of
NH

In the current research, HDMR could be used for bio-
mass gasification prediction and optimization purpose
because of high training performance (R?). But this is a base
model with limited input parameters and data type. For
future work, the complex model which can predict and opti-
mize the gasification process with different input parameters
including multiple gasifying agents and catalyst utilization
can be developed by using this technique.

Nomenclature

BM: Biomass

CGE:  Cold gas efficiency

CSS: Carbon capture storage

FR: Feed rate

GHG:  Greenhouse gases

HDMR: High-dimensional model representation

LHV:  Lower heating value
MAE: Mean absolute error
MRE:  Mean relative error
MSE:  Mean square error

MC: Mix wood
NH: Net heat

PL: Poultry litter
PR: Peng Robinson Equation of State
SS: Sewage sludge saw dust

SW: Soft wood.
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