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Modeling the gasification process through machine learning (ML) involves predicting the behavior and per-
formance of gasification systems. Support Vector Regression (SVR) is known as an effective procedure in
forecasting continuous variables and is even suitable for the modeling gasification process. Employing optimiza-
tion algorithms to connect and fine-tune internal model settings can lead to the creation of various hybrid and
ensemble models. Generally, employing hybrid models has demonstrated enhanced performance while utilizing
cost-effective modeling techniques. In this study, SVR was utilized as a machine learning method, alongside the
Crystal Structure Algorithm (CryStAl) and the Population-based Vortex Search Algorithm (PVSA), to fine-tune
SVR for accurately assessing CO and CO2 values. After evaluating the outcomes of the proposed models, it
was observed that the SVR-PVSA hybrid model outperformed the SVR-CryStAl model, with differences of 1%,
19%, and 57% based on R², RMSE, and MAE indices, respectively for CO and that of 1%, 14%, and 54% for CO2

in terms of R², RMSE, and MAE evaluators, respectively. Furthermore, for predicting both CO and CO2, the
SVR-CryStAl hybrid model yielded the highest value, demonstrating superior performance compared to the
SVR-PVSA model, with an average difference of 0.6% and 0.9% in terms of the VAF index.
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1. Introduction

Renewable energy pertains to energy sources that are natu-
rally replenished and do not exhaust the Earth’s resources.
These sources encompass solar energy, wind energy, hy-
dropower, geothermal energy, and biomass [1]. Various
techniques are employed to harness energy from each of
these sources. One of the most recent methods used to-
day is a thermochemical process known as gasification [2].
Gasification involves converting carbonaceous materials
such as coal, biomass, or waste into synthetic gas (syngas)
by subjecting them to high temperatures with a controlled
amount of oxygen or steam. These syngas can then be uti-
lized as fuel or as a raw material for producing chemicals

and other valuable products. Gasification presents several
advantages over traditional combustion processes, as it is
more efficient in terms of fuel usage and emits fewer pol-
lutants, thereby offering a cleaner energy alternative [3–5].
While there has been substantial research on the gasification
of diverse biomass and waste feedstocks, a comprehensive
understanding of the broader environmental, economic,
and social implications of this technology is necessary to
facilitate its scalable and efficient adoption. To achieve
this, precise process models are indispensable. Historically,
thermodynamic equilibrium, kinetic, and computational
fluid dynamics (CFD) models have been extensively and
effectively employed for this purpose [6].

The application of machine learning (ML) holds great
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potential in predicting gasification processes. ML has the
capability to forecast gasification outputs with greater pre-
cision compared to traditional models [6, 7]. Machine
learning, a subset of artificial intelligence involves train-
ing computers to learn from data and make predictions
or take actions without explicit programming. It employs
algorithms and statistical models to enable computers to
analyze and interpret data patterns and utilize them to
perform tasks or make decisions. ML is widely used in var-
ious domains, such as image recognition, natural language
processing, recommendation systems, and autonomous ve-
hicles [8]. In the context of gasification processes, ML can
enhance efficiency, optimize operating conditions, and im-
prove overall performance [9, 10]. By leveraging historical
data on gasification processes and influencing factors, ML
algorithms can be trained to make accurate predictions. For
instance, George et al. developed an Artificial Neural Net-
work (ANN) using a dataset from a lab-scale bubbling flu-
idized bed gasifier, demonstrating a high-accuracy forecast
of syngas production from regional biomass [11]. Similarly,
Ozbas et al. (2019) and Shenbagaraj et al. (2021) achieved
satisfactory levels of accuracy using ML models in simu-
lating biomass gasification and predicting the composition
and yield of syngas, respectively [12, 13]. Li et al. (2021)
employed a gradient-boosting model specifically designed
for the hydrothermal gasification of waste feedstock types
[14].

A recent departure from traditional models involves
the utilization of ML algorithms, including Support Vector
Regressions (SVRs). These algorithms excel at mapping
complex, non-linear relationships between input and out-
put variables [15]. Consequently, they hold the promise of
offering more precise predictions of gasification outputs
when compared to conventional models. Most studies have
demonstrated that SVRs possess the ability to forecast di-
verse output parameters in various modeling analyses with
a notable degree of prediction accuracy. Ullah et. al., in
a study used a SVR for prediction of adsorption capacity
of Fe-modified biochar for selenium that appeared highly
effective model compared to random-forest approach like
another study conducted by Zaghloul et. al., to model aero-
bic granular sludge reactors that results showed successful
performance of SVR [16, 17]. SVR is a variant of the Support
Vector Machines (SVM) algorithm that is used for regres-
sion tasks [15]. In this investigation, the SVR model was
employed for gasification prediction. By training SVR on
historical data related to gasification, it can learn patterns
and relationships in the data and predict the gasification
output for new, unseen data [18, 19].

Prior research has pointed out the limited applicability

of existing ML-based gasification models, which struggle
to accommodate various feedstocks, gasifying agents, and
reactor configurations [6]. Consequently, the objective of
this study is to enhance the current state of knowledge by
training a robust feedforward SVR model using a compre-
hensive dataset encompassing a diverse range of feedstocks
and operational scenarios. The innovation of the work is
to develop a hybrid model in which two optimizers, the
Population-based Vortex Search Algorithm [20] and Crys-
tal Structure Algorithm [21], are employed to be combined
with SVR.

In mechanical and gasification processes, single models
are mainly used, and hybrid models are rarely found in
the literature. The developed model is exceptionally ver-
satile and, to the best understanding suitable for a broad
spectrum of feedstock varieties (including plastics, sewage
sludge, woody and herbaceous biomass, and municipal
solid waste); gasifying participants (air, oxygen, and steam,
and their combinations); and reactor choices (fluidized bed
and fixed bed). Its adaptability is optimized through the
innovative incorporation of categorical data, ensuring its
practicality in general gasification process design. In fact,
for the present article, ML techniques in gasification pre-
diction encompass process optimization, fault detection
and diagnosis, control strategy optimization, and real-time
monitoring and prediction [22]. The various steps involved
in prediction using ML include data collection, data prepro-
cessing, feature selection, model selection, model training,
model evaluation, model deployment, and model monitor-
ing and refinement [23].

Categorical variables, such as gasifying agent, reactor
type, and bed material, enable the inclusion of crucial gasi-
fication factors often overlooked by previous models. To
further enhance its utility in general process design, the
model has been designed to predict a wide range of output
parameters essential for subsequent modeling tasks, in-
cluding life cycle sustainability assessment (LCSA), which
evaluates a system’s environmental, economic, and social
impacts. This, in turn, empowers policymakers and in-
vestors with the knowledge of the broader system-wide
effects, enabling them to make informed decisions.

2. Materials and methods

Initially, the data set for gasification was gathered, consist-
ing of 312 samples encompassing factors such as feedstock
composition, temperature, steam/biomass, gas flow rate,
and other pertinent parameters obtained from the litera-
ture [24–52] to train the proposed SVR model (Table 1).
Care was taken to ensure that the data set had minimal
missing or erroneous values. Actually, in case of missing
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Table 1. The statistic properties of the input variable of CO-CO2.

Variables
Indicators

Category Min Max Avg. St. Dev
Particle size [mm] Input 0.250 70.000 5.570 6.681
LHV [MJ/kg wb] Input 11.500 42.900 18.437 6.549

Carbon [%daf] Input 40.070 86.034 51.423 9.232
Hydrogen [%daf] Input 3.792 14.228 6.864 1.997
Nitrogen [%daf] Input 0.040 7.321 1.116 1.850
Sulphur [%daf] Input 0.010 1.607 0.427 0.442
Oxygen [%daf] Input 4.621 53.400 41.337 6.867

Ash [%db] Input 0.270 44.000 7.433 11.898
Moisture [%wxb] Input 0.200 27.000 9.138 4.999

Volatile Matter [%db] Input 56.000 89.110 77.404 8.279
Fixed carbon [%db] Input 9.067 23.820 15.258 2.775

Cellulose [%db] Input 29.600 46.200 39.254 1.750
Hemicellulose [%db] Input 14.000 29.600 20.973 1.576

Lignin [%db] Input 14.000 27.800 23.676 1.257
Temperature [◦C] Input 553.000 1050.0 799.128 80.876

Residence time [min] Input 6.000 403.0 109.143 80.230
Steam/Biomass [wt/wt] Input 0.000 4.040 1.181 0.616

ER [-] Input 0.090 0.870 0.300 0.093
CO[vol.%db] Output 2.200 50.000 19.430 9.540

CO2[ vol. %db] Output 0.000 38.250 16.095 6.420

data for an experiment, the average value for the lost data
was calculated based on the available parameters for the
same experiment. Subsequently, the significant features
influencing gasification process prediction were identified.
This involved cleaning the data by removing outliers, ad-
dressing missing values, and normalizing or scaling the
features. The data set was then split into training and
testing subsets. According to the routine in modeling, 70
percent of data was considered for the training stage and
30 percent for testing. The training set was utilized to train
the SVR model, while the testing set was used to assess
its performance. The SVR model was trained using the
training dataset, aiming to identify an optimal hyperplane
in a higher-dimensional space for making predictions. This
was achieved by maximizing the margin around the hy-
perplane while allowing for some tolerance for data points
to fall within the margin or even on the wrong side of the
hyperplane. The trained SVR model was validated using
the testing dataset, and its performance was evaluated us-
ing appropriate metrics such as Root Mean Squared Error
(RMSE), Mean Absolute Error (MAE), or R-squared (R2) to
gauge its accuracy and predictive capability. Subsequently,
the best hyperparameters were identified, and the SVR
model was retrained using the entire dataset (both train-
ing and testing). The model’s performance was evaluated
on this final set to obtain an accurate representation of its
predictive power. Finally, the trained SVR model was uti-
lized to make predictions on new, unseen data. The input
variables were prepared in the same manner as before, and

the model was employed to generate predictions for the
gasification process variables of interest. Fig. 1 displays the
input and output variables along with the corresponding
plots. Based on the vast range of datasets available in the
literature, releasing CO and CO2 due to the importance of
environmental issues were variables of interest for model-
ing. As well as modeling these gases are rarely considered
in models.

2.1. Support Vector Regression (SVR)

The Support Vector Machine (SVM) algorithm is a widely
used method for regression and classification, as per statis-
tical learning theory [53]. SVR was developed to address
regression problems by introducing Vapnik’s ε-insensitive
loss function. In the context of a training dataset containing
inputs denoted as X and their corresponding gasification
performance outputs labeled as Y, the objective of the SVR
model is to find a function, denoted as f(X), that accurately
predicts the output Y. This function f(X) is defined as:

f (X) = wT ∗ Φ(X) + b (1)

Here, w represents the weight vector, Φ(X) is a fea-
ture mapping function responsible for converting the input
data into a higher-dimensional feature space, and b is the
bias term. The feature mapping function Φ(X) can be con-
structed using different kernel functions, such as linear,
polynomial, radial basis function (RBF), or sigmoid kernels.
The choice of kernel function depends on the specific char-
acteristics of the gasification data and the desired modeling
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Fig. 1. Input and target data for modeling the gasification process.
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accuracy. The SVR model with Gaussian kernel can be
introduced as follows:

Minimize
(

1
2
× ∥w∥2 + C × ∑ (ξi + ξ∗i ) (2)

Subject to Yi − wT × Φ (Xi)− b ≤ ε + ξi × wT

∗ Φ (Xi) + b − Yi ≤ ε + ξiξi, ξ∗i ≥ 0
(3)

Here, ξi and ξ∗i are slack variables introduced to account
for a certain level of error, ε represents the margin of tol-
erance, and C is a regularization parameter that controls
the tradeoff between model complexity and error. The op-
timization problem’s goal is to minimize the error

(
∥w∥2)

while also penalizing instances that fall outside the margin
of tolerance ( ξi and ζ∗i

)
. The parameter C plays a role in

determining the relative importance of error and margin
violations within the objective function. After solving the
optimization problem, the SVR model can be effectively
utilized to predict gasification performance for new input
data by applying it to the function

f (X) = wT × Φ(X) + b (4)

2.2. Population-based Vortex Search Algorithm (PVSA)

The Population-based Vortex Search Algorithm (PVSA) is
a metaheuristic optimization approach inspired by the nat-
ural occurrence of vortex formation. This algorithm is de-
signed to tackle intricate optimization problems by emu-
lating the behavior of vortices in fluid dynamics. PVSA
maintains a population of candidate solutions, where each
solution represents a potential answer to the optimization
problem. The algorithm continually updates this popula-
tion by simulating the movement and interaction of vor-
tices. The motion of vortices in PVSA adheres to the follow-
ing formula:

Vi(t + 1) = Vi(t) + A ∗ (Xbest − Xi(t)) + B

∗ (Xlocalbest − Xi(t)) + C ∗
(

Xglobalbest − Xi(t)
) (5)

In this equation:

• Vi(t) represents the velocity of the ith vortex at the
time t.

• Xi(t) represents the current position of the ith vortex.

• Xbest represents the best position discovered by any
vortex in the population.

• Xlocalbest represents the best position found by neigh-
boring vortices.

• Xglobalbest represents the best position located by any
vortex globally.

The coefficients A, B, and C determine how different fac-
tors influence the movement of vortices. These coefficients
are typically set based on empirical knowledge or through
experimentation. The movement equation is employed to
update the position of each vortex in the population:

Xi(t + 1) = Xi(t) + Vi(t + 1) (6)

Subsequently, the algorithm assesses the fitness of each
vortex based on the objective function of the optimization
problem. These fitness values are crucial for identifying
the best positions found by individual vortices and the
globally best position. PVSA continues to iterate and refine
the population until a termination condition is met, such
as reaching a maximum number of iterations or achieving
a satisfactory solution. By simulating the movement and
interaction of vortices, the PVSA algorithm efficiently ex-
plores the search space, making it capable of discovering
near-optimal solutions for complex optimization problems.
It is worth noting that the specific implementation details
of PVSA, such as population initialization, parameter se-
lection, and termination criteria, may vary based on the
problem at hand and user preferences.

2.3. Crystal Structure Algorithm (CryStAl)

The repetition of atoms or molecules in space creates a crys-
tal, which can be made up of a single atom or multiple
atoms, depending on its complexity. The term "crystal"
originated from the Greek word "krustallos," which refers
to "rock crystal" and "ice." The study of crystals is known as
crystallography. Common examples of crystals include salt
(sodium chloride or halite crystals), sugar (sucrose), and
snowflakes. Gemstones like quartz and diamonds are also
considered crystals. A crystal has a distinct structure due
to its three-dimensional network of repeated units. Large
crystals have well-defined flat angles and areas (faces),
while crystals without flat faces are known as rock crystals.
The lattice is the essential and crucial element of crystals,
representing the regular arrangement of points in space.
Another key component is the basis, which determines the
positions of atoms within the crystals. These 2 components
come together to describe the overall arrangement of a
crystal. To mathematically represent the crystal’s config-
uration in space, a vector is used to determine the lattice
points precisely. This vector assumes an infinite lattice
shape, allowing for an accurate depiction of the crystal’s
arrangement.

r = ∑ niai (7)

The vector ai represents the vector that is the shortest
while following the main crystallographic directions, while
ηi is an integer quantity, and i indicates the total number
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of corners made of crystal. These characteristics of crystals
serve as the foundational concept for the Crystal Structure
Algorithm (CryStAl), which is a metaheuristic algorithm
that was just created. The startup procedure of CryStAl’s
first phase is carried out to determine each solution candi-
date as a crystal in space:

cr =



cr1
cr2

...
cri
...

crn


=



x1
1 x2

1 · · · xj
1 · · · xd

1
x1

2 x2
2 · · · xj

2 · · · xd
2

...
...

...
...

...
...

x1
i x2

i · · · xj
i · · · xd

i
...

...
...

...
...

...
x1

n x2
n · · · xj

i · · · xd
n


,

{
i = 1.2 . . . .n
j = 1.2 . . . .d

(8)

Xj
i = Xj

i,min + ξ
(

Xj
i,max − Xj

i,min

){
i = 1.2 . . . .n
j = 1.2 . . . ..d (9)

The optimization problem’s dimension is represented
by d, while the initial number of applicants is indicated by
n.X j

j(0) represents the decision variables’ starting values,

and X j
max are the variables’ lower and higher boundaries

inside the field of search space. A randomly produced digit
in the interval [0, 1] is denoted by ξ.

The main loop of CryStAl is where the process of up-
dating positions for the crystals (candidates) in the search
space is carried out. This process utilizes both basic and
advanced aspects of crystallography. The corner points
in the crystal (Crb) are randomly selected to determine
the paramount crystals, as well as the identification of the
crystal with the optimal arrangement. Additionally, the
average of the primary crystals chosen at random is calcu-
lated as Fc.

To update the position, the cubic crystal system’s com-
mon varieties function as a notion for inspiration, and the
subsequent formulas are employed:

Simple cubicle:

Crnew + Crold + rCrmain (10)

Cubicle with the best crystals:

Crnew + Crold + r1Crmain + r2Crb (11)

Cubicle with the mean crystals:

Crnew + Crold + r1Crmain + r2Fc (12)

Cubicle with the best and mean crystals:

Crnew + Crold + r1Crmain + r2Crb + r3Fc (13)

To determine the new position vector for the crystals,
Crnew is used, while Crrold represents the previous posi-
tion vector. r1, r2, and r3 are three arbitrarily generated

digits within [0, 1]. The algorithm terminates after reaching
a predefined maximum number of iterations or function
evaluations. A boundary control flag is also set for vari-
ables that are not inside the set boundaries.

2.4. Preparing hybrid models

The construction of hybrid frameworks necessitates the
optimization of estimative models concerning internal set-
tings. In this study, SVR incorporates certain arbitrary vari-
ables, as model fits are optimized through the utilization of
three parameters: ε, ξ, and C. Through the integration of
PVSA and CryStAl with SVR, two hybrid models, namely
SVPV and SVCS, were formulated. In the modeling stage,
the iteration number was considered 200. The parameter of
NPoR (Network Point of Presence) equals 50, the cache size
was 200, and the upper and lower bond of the optimization
process was determined to be 0.001 and 999 , respectively.

2.5. Performance evaluation methods

The article assesses the predictive accuracy of PVSA-SVR,
CryStAl-SVR, and SVR models using various statistical
metrics, including the correlation coefficient

(
R2), mean ab-

solute error (MAE), root mean squared error (RMSE), vari-
ance account factor (VAF), and objective detection metrics
(OBJ). These statistical evaluators are presented as follows:

R2 =

 ∑n
i=1 (pi − p̄) (ri − r̄)√[

∑n
i=1 (pi − p)2

] [
∑n

i=1 (ri − r̄)2
]


2

(14)

RMSE =

√
1
n

n

∑
i=1

(ri − pi)
2 (15)

MAE =
1
n

n

∑
i=1

|ri − pi| (16)

VAF =

(
1 − var (tn − en)

var (tn)

)
× 100 (17)

OBJ =
(

ttrain − ttest

ettrain + ttest

)
MAEtest + RMSEtrain

1 + R2
train

+

(
2ttrain

ttest + ttrain

)
RMSEtest − MAEtest

1 + R2
test

(18)

In these expressions, p and r represent the correspond-
ing experimental and predicted values for CO and CO2.
The variable n denotes the number of data instances, p̄
signifies the average experimental values for CO and CO2,
and r̄ denotes the average predicted values for CO and
CO2. To mitigate bias associated with randomly partition-
ing a dataset into training and testing sets, researchers
often employ a k-fold cross-validation procedure. In this
method, the dataset is divided into k partitions (k = 10),
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each termed a fold. During each iteration of k-fold cross-
validation, one-fold serves as the test set, while the remain-
ing k − 1 folds are employed for training the model. This
process is repeated k times, each with a different test set.
Through cross-validation, the standard deviation and mean
of key performance indicators are computed.

3. Results and discussion

The SVPV and SVCS hybrid models, along with the SVR
predictive main model, were provided with input data for
training and validation, resulting in the generation of CO
and CO2 rates as model outputs. The functionality of the
models is crucial to investigate, and this section aims to
accomplish this task. Accordingly, cross-validation results
was introduced using Tables 2 and 3 presents the indica-
tors’ results, evaluating the performance of the developed
models in modeling the CO and CO2 values in the sections
of training, validation, testing, and all data on CO and CO2.
The evaluators introduced in the previous section compare
the models based on the highest and lowest values. Except
for R2 and VAF, the lowest value of the other evaluators
indicates proper performance.

Table 2. The cross-validation results of modeling in
developed models.

Feature Model R2 RMSE

CO
SVPV 0.974 1.651
SVCS 0.964 1.846
SVR 0.957 2.597

CO2

SVPV 0.968 1.388
SVCS 0.955 1.597
SVR 0.948 2.357

The models’ performance in the CO section is outlined
as follows:

• The hybrid SVPV model achieved the highest R² value
of 0.983, with only a 2% difference compared to SVR.
Additionally, the SVCS hybrid model performed even
better, with a difference of only 1% compared to the
SVPV model.

• The following assessment, which is connected to
RMSE and the most satisfactory outcome, remains
SVPV, with a measure of 1.258. In comparison to other
models, this value is notable. SVPV displays a 45%
variance compared to SVR and a 19% distinction from
SVCS.

• MAE is an alternative error descriptor for models. Sim-
ilar to previous evaluators, in this evaluator, the lowest

value is 0.564, which belongs to SVPV. When compar-
ing the model with the other models, SVR and SVCS
have values of 1.209 and 1.301, respectively, and their
difference from SVPV is 53% and 57%, respectively.

• The VAF, like R², must achieve the highest value. The
models demonstrate almost identical performances in
their respective evaluation sets. However, generally,
SVCS exhibits the highest value, at 99.180. Compared
to SVR, which performs as low as 95.812, there is a
3% difference. This variance suggests that all models
operate effectively in the VAF evaluator.

• For OBJ, the goal is to have the lowest value. In this
context, the SVPV hybrid model attains the minimum
value of 0.910 in OBJ. In the context of CO2, the perfor-
mance of SVR and combined models has been deter-
mined as follows:

• The SVPV hybrid model could attain the highest R²
value of 0.972, leading to disparities of 2% and 1%
between SVR and SVCS, respectively.

• In the evaluation of RMSE and optimal performance,
SVPV emerged with a value of 1.088, exhibiting a dif-
ference of 41% with SVR and 14% with SVCS.

• Another metric to consider is MAE. Similar to the pre-
ceding evaluation, in this case, SVPV records the low-
est value at 0.479. Contrasting this with other models,
SVR and SVCS show values of 0.892 and 1.044, respec-
tively, resulting in variances from SVPV of 46% and
54%, respectively.

• Within the VAF evaluation, the hybrid model SVCS
secured the top value, while SVR garnered the lowest
among all models, with a difference of around 5%.

• In the context of OBJ, the SVPV model can register a
value as minimal as 0.679. This indicates a variance of
57% with SVR and 42% with SVCS, representing the
distinctions between these models.

Overall, it can be asserted that SVPV attained the most
favorable values for both CO and CO2, contrasting with
SVR, which secured the least favorable values. As a re-
sult, the SVPV composite model displayed superior per-
formance, while SVR exhibited the weakest performance.
In a study, Baruah et al. (2017) created an artificial neural
network (ANN) model for forecasting the yields of H2, CO,
CO2, and CH4 from a downdraft gasifier [54]. The model
demonstrated outstanding prediction performance, achiev-
ing coefficients of determination (R2) exceeding 0.98 and a
mean relative error of 2.65% in contrast to the experimental
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Fig. 2. Plotting the dispersion of evolved hybrid models.
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Fig. 3. The error percentage of the models is based on the symbol-line plot.
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Table 3. The statistic properties of the input variable of SVR.

Model
name

Modelling
phase

Index values
R2 RMSE MAE VAF OBJ

CO

SVPV

Train 0.988 1.047 0.334 98.884 0.910
Validation 0.960 1.846 1.094 97.394

Test 0.987 1.383 1.076 99.291
All 0.983 1.258 0.564 98.605

SVCS

Train 0.977 1.420 1.164 99.248 1.423
Validation 0.955 1.957 1.719 98.970

Test 0.974 1.681 1.473 99.383
All 0.973 1.561 1.301 99.180

SVR

Train 0.965 2.154 1.172 96.294 1.952
Validation 0.964 2.297 1.180 95.426

Test 0.952 3.009 1.569 93.807
All 0.963 2.294 1.209 95.812

CO2

SVPV

Train 0.975 0.931 0.387 97.915 0.679
Validation 0.943 1.759 0.781 95.273

Test 0.992 0.797 0.589 99.555
All 0.972 1.088 0.479 97.677

SVCS

Train 0.966 1.087 0.919 99.022 1.177
Validation 0.950 1.660 1.361 98.283

Test 0.965 1.500 1.280 99.056
All 0.962 1.262 1.044 98.777

SVR

Train 0.958 1.589 0.782 94.433 1.589
Validation 0.956 2.161 1.008 93.045

Test 0.942 2.727 1.473 91.865
All 0.953 1.854 0.892 93.573

results. Also, Ascher et al., in 2022, developed a highly
generalizable artificial neural network (ANN) model with
outstanding prediction accuracy (R2 = 0.9310 and RMSE
= 0.1307) for modeling biomass and waste gasification [6].
Based on modeling results, the correlation rate between
observed and simulated values in developed models are
in high level that shows a great potentials to modeling.
The coefficient of determination in the highest rate was
0.992 that indicates a five percent difference domain com-
paring to the lowest R2. By such high-accuracy modeling
procedures, the gasification experiments can play a role
of physical experiments. However the limitation of using
too distant values compared with training data can enter
uncertainty to such models.

Fig. 2 illustrates the scatter plot depicting the measured
and forecasted levels of CO and CO2. The scatter plots are
determined based on RMSE and R2. R2 is responsible for
positioning the sample point on the best-fit line. Addition-
ally, the RMSE feature indicates the dispersion of the scatter
plots, with lower component values representing lower dis-
persion and vice versa. As mentioned, the other points
are directly correlated with the component and should al-
ternatively have low and high RMSE and R2 values. A
comparison of the two hybrid models, SVPV and SVCS, is
shown in Fig. 2a, Fig. 2d, and Fig. 2b, Fig. 2e. The points
exhibit different behaviors due to the differing values of the

two models. Fig. 2c and Fig. 2f depict the SVR model. The
most significant contrast among these three models lies in
the RMSE, which demonstrates the dispersion. Fig. 2a and
Fig. 2d, associated with SVPV, have lower RMSE values
close to 1, indicating much lower dispersion. In general,
SVPV displayed better performance in Fig. 2. Also, in the
overall view of fitting-line plots in most of models we can
see the substantial features to overcome errors in the sim-
ulating process. In fact, the performance of Vortex Search
Algorithm in tunning the SVR model was more successful
than Crystal Structure Algorithm in simulating CO and
CO2 production.

Fig. 3 displays the error percentages of CO and CO2,
evaluated across three phases: training, validation, and
testing, using a symbol-line plot. Focusing on SVPV, Fig. 3a
and Fig. 3d show that the highest error during the train-
ing phase was approximately 54.33% and 53.48% for CO
and CO2, respectively, which decreased to 43 and 44% in
the test phase. For SVCS, Fig. 3b and Fig. 3e reveal that
the maximum error was equal to 46.89% and 115.79% in
the validation phase, respectively. However, the error per-
centages improved and decreased to 23 and 102% in the
testing phase. The improvement in performance during
the testing phase suggests that the model has been able to
handle the samples better in the training phase, leading to
better performance during the testing phase. Finally, Fig. 3c
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and Fig. 3f introduce SVR, with the highest error percent-
age obtained during the training phase being 38.81% and
52.28% for CO and CO2, respectively, which decreased to
32 and 40% in the test phase. Overall, the SVPV model
demonstrated the most suitable and strongest performance
compared to other models. Actually, the Vortex Search
Algorithm has tried to minimize the bias of modeling we
can understand this fact given the plots in Fig. 3 in which
most of the experiments have had positions adjacent to the
zero line. However, in some experiments vast error rates
can be found. On the other hand, for the single SVR model
and hybrid model coupled with the Crystal Structure Al-
gorithm, most of the modeled experiments are in the error
range of +20% to -20%.

4. Conclusion

This study introduced two hybrid intelligent models and a
single model for predicting CO and CO2 concentrations in
producer gas during experimental gasification. Performing
multiple tests to measure CO and CO2 levels represents
a significant waste of time and energy. Therefore, the use
of artificial intelligence is proposed to estimate CO and
CO2 concentrations through machine learning techniques.
The article employs various methods, including SVR as a
machine learning approach, along with the Crystal Struc-
ture Algorithm (CryStAl) and the Population-based Vortex
Search Algorithm (PVSA) as optimizers. SVR was specifi-
cally designed to address regression issues by introducing
Vapnik’s ε-insensitive loss function. The models are ex-
amined in two modes—single and hybrid—where hybrid
models consist of SVR + CryStAl and SVR + PVSA. In
terms of CO, the SVPV hybrid model achieved the highest
R² value at 0.983, indicating a 2% improvement by SVR.
Additionally, compared to the hybrid model, SVCS showed
a 1% improvement. When considering RMSE, the SVPV
model performed the best with a value of 1.258, mark-
ing a 45% difference from SVR and a 19% difference from
SVCS. Regarding CO2, the SVPV hybrid model obtained
an R² value of 0.972, with a 2% and 1% difference from
SVR and SVCS, respectively. The SVPV model also demon-
strated the most acceptable performance with an RMSE
value of 1.088, showing a 41% difference from SVR and a
14% difference from SVCS. In summary, for both CO and
CO2, the SVPV model yielded the most favorable results,
while SVR showed the least satisfactory performance. Con-
sequently, the SVPV composite model exhibited superior
performance, while SVR displayed weaker performance.
The newly developed model has the capability to forecast
gasification outputs for several alternatives for the reactor,
gasifying agent, and feedstock. As a result, this eventually

lessens the need for expensive and time-consuming exper-
imental investigations since investors and policymakers
can quickly and easily examine a wide range of system
choices and their performance. Furthermore, the devel-
oped model can be integrated with techniques like life
cycle sustainability assessment, cost-benefit analysis, and
multi-objective optimization. This allows the model to pre-
dict many important gasification outputs, which makes the
proposed approach potentially useful for facilitating the
development of integrated gasification design models. On
the other hand, for soft-based modeling procedures can
models successfully according to the data set and the given
magnitudes’ ranges. While in thermochemical, chemical
and other physical processes, the experiments can be done
with the magnitudes so different comparing to the training
phase. Thus, the accuracy of modeling can decrease dra-
matically. But utilizing diverse main data training models
may be costly. Limitations are always asserted besides the
opportunities but, by developing efficient methods the ca-
pability of soft-based models can keep ahead of physical
models by defining real world condition when program-
ming AI oriented strategies.
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