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Abstract: The machine learning methods are hereby proposed to predict the amount of Carbon Monoxide (CO)
and Carbon Dioxide (CO₂) emissions in a gasification process, which is one of the most important enabling
technologies for carbon-containingmaterials, such as coal, biomass, andwaste toward producing end products of
worth, such as syngas, hydrogen, and synthetic fuels. In an attempt to support efforts for improving the emission
prediction-a key criterion for enhancing efficiency and further, the environmental performance of gasification-
two new advanced algorithms are being applied for the optimization of themodel of a random forest: the Jellyfish
Search Optimizer (JSO) and Sooty Tern Optimization Algorithm (STOA). The tuned RFJS (RF+JSO) was the best of
these configurations, providing the least RMSE of 0.593 on test data and the highest R2 on validation of 0.983,
proving to be most effective for the prediction of emissions. This goes to attest that the model RFJS would be
a strong tool in real-time-based carbon emissions reduction due to its effectiveness in dealing with major
implications from environmental monitoring to regulation and further into sustainable energy production.

Keywords: gasification process; machine learning techniques; random forest; Jellyfish Search optimizer; sooty
tern optimization algorithm

List of abbreviations

ANN artificial neural network
°C degrees celsius
C carbon
C2Hn acetonitrile
Ce cellulose
CO carbon monoxide
CO2 carbon dioxide
CGE cold gas efficiency
CH4 methane
CMO camphor oil
daf dry ash-free basis
db dry basis
ER equivalence ratio
Fic fixed
GA genetic algorithms
H hydrogen
JSO jelly fish optimizer
LPO lemon peel oil
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MAE mean absolute error
MIMO multi-input multi-output
ML machine learning
MJ/kg wb mega-joules per kilogram on wet basis
Moi moisture
mm millimeter
min minutes
N nitrogen
O oxygen
OBJ objective function
PSO particle swarm optimization
R2 correlation coefficient
RCE rotating cylinder electrode
RF random forest
RFJS RF+JSO
RFST RF+STOA
RMSE root mean squared error
S sulfur
STOA sooty tern optimization algorithm
Temp temperature
VM volatile matter
vol% db volume percentage on dry basis
VAF variance accounted for
wb wet basis

1 Introduction

The process of gasification transforms a carbon-based solid or liquid material, such as coal, biomass, and
municipal solid waste, into a combustible gas mixture [1]. Gasification fuels electricity generation, industrial
processes, and transport applications [2]. There are several significant impacts of gasification. First, it offers an
alternative to traditional fossil fuels such as coal and oil, which are the primary sources of greenhouse gases [3].
By using biomass or solid household waste as rawmaterial for gasification, it is possible to produce energy at the
same time [4]. Gasification is the conversion of solid or liquid carbon-based materials like coal, biomass, and
municipal solid waste into a combustible gas mixture [5]. This gas mixture can then fuel electricity generation,
industrial processes, or transport [6]. While gasification is considered a cleaner alternative to traditional
combustion processes, it still produces significant amounts of Carbon Monoxide (CO) and Carbon Dioxide (CO₂)
emissions that need to bemanaged andmitigated [7]. CO2 is one of the byproducts that occur from the gasification
process, and the prediction of CO2 is very important to understanding the carbon footprint of the process [8]. The
volume of the resulting CO2 from the gasification may depend on several aspects: feedstocks used, operating
conditions, and gasifier design [9]. This prediction of CO2 may, therefore, serve importantly toward assessing the
overall environmental impact of gasification and developing strategies to mitigate carbon emissions from it [10].
CO is also a byproduct of gasification, and its prediction is important for ensuring safety and for optimizing the
production of syngas [11]. Prediction of CO emissions will help in designing appropriate gas cleanup systems for
the removal of CO from syngas and overall process efficiency improvement [12]. Different modeling techniques,
like CFD simulations, thermodynamic equilibrium models, and empirical correlations, were used to predict
different CO2 and CO emissions during gasification [8]. Precisemodeling of the CO2 and CO emissions is considered
crucial for the proper assessment of the environmental impact, safety, and efficiency of the process [9]. Accurate
prediction of CO2 and CO emissions during gasification is essential for assessing environmental impact, ensuring
safety, and optimizing process efficiency [13]. Besides, these CO2 and CO emissions are extremely important in
terms of the evaluation of the environmental impact and efficiency of the gasification process. Predictive models
and simulations have become quite common for gasification output forecasts, considering that the process
usually is controlled by chemical reactions and thermodynamic equilibrium [14].
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Machine learning (ML) approaches can be used to model and optimize the gasification process [15].
ML techniques can be applied to Process Monitoring, wherebymachine learning algorithms monitor parameters
of the gasification process, temperature, flow rate, and gas composition in real time [16]. By monitoring
parameters, ML models predict with accuracy the optimal conditions of the gasification process that minimize
CO2 and CO emissions [17]. Meanwhile, another approach is Process Control, which dynamically controls the
gasification process variables to achieve the optimized conditions of gasification [18]. While controlling process
variables, the ML models minimize variability and optimize the operations of gasification [19]. Also, ML
algorithms can be utilized to identify the optimal combination of gasification process parameters that minimize
CO2 and CO emissions [20]. Therefore, ML models, while analyzing several input parameters, are capable of
selecting the best input variables and predicting the most optimal gasification process conditions [21]. Generally
speaking, machine learning can play a very significant role in carbon dioxide and carbon dioxide emissions
reduction in gasification processes by improving the performance and optimization of the process [22]. Lately,
one interesting and relevant application has been the modeling of CO2 and CO emissions from a gasification
process using machine learning [23]. ML algorithms can make use of historical data in training them to perform
prediction tasks based on input variables such as the condition of gasification, feedstock properties, and process
parameters [23].

Çıtmacı et al. [24] conducted studies on the electrochemical reduction of CO2 in a Rotating Cylinder Electrode
(RCE) reactor to investigate the complexity of reaction kinetics andmass transfer effects. Using such systems, they
developed a multi-input multi-output (MIMO) control via artificial and recurrent neural networks, nonlinear
optimization, and process controller design. Ethylene and carbon monoxide production rates were effectively
controlled by changing the applied potential and electrode rotation speed. The experimental results demon-
strated the effectiveness of the developed control system for precise regulation at multiple set-points; one of
whichwas found to be economically optimal and thereby contributed to the advancement of technologies for CO2

reduction. Shobana Bai [25] pursued various ways of reducing CO2 and other emissions in a single-cylinder CRDI
engine with low-carbon biofuels-namely lemon peel oil (LPO) and camphor oil (CMO)-in-cylinder hydrogen
induction, and a zeolite-based after-treatment system. Results showed that CO2 and smoke emissions were
significantly reduced by 39.7 % and 49 %, respectively. Although hydrogen increased NO emissions, it indicated a
good NOx reduction capability with a zeolite system. The ML techniques used to predict engine emissions are
CatBoost, XGBoost, LGBM, and RF. Of these, the best results have been achieved from the CatBoost algorithm
according to R2, MAE, MAPE, and RMSE performance metrics.

In a study by Zhao et al. [26], models of random forest, artificial neural network, and support vector machine
were applied in supercritical water gasification for the prediction of H2 yield. The results from models indicated
that a feedstock with high oxygen content is favorable for increasing the efficiency of H2 recovery. George et al.
[27] applied amulti-layer feed-forward ANN to predict the composition of the producer gas fromair gasification of
various biomass feedstocks, such as coffee husk, coconut shell, groundnut shell, sugarcane bagasse, and sawdust
in a fluidized bed gasifier. The performance of the ANN model was considered acceptable as shown by the MSE
of 0.71 %. Li et al. [28] created an empirical-based computational model of biomass particle gasification for
predicting the characteristics involved in the production of hydrogen and syngas. The result reflected that
increasing gasification temperature has a great impact on the yield of hydrogen and Cold Gas Efficiency or CGE.
It was also noticed that the peak CGE increased by about 230 % while the reaction temperature was increased
from 700 to 900 °C.

1.1 Research significant

From this perspective, the gasification processes are considered important, not only for energy production in a
sustainablemanner but also forwastemanagement, as carbon-richmaterials are transferred to cleaner fuels and
chemicals. However, handling and reduction of emissions are considered one of the major environmental
challenges in the process, of the production of CO and CO₂. Much of the past research is focused on single models
without substantial optimization of emission predictions; these usually lack robust accuracy and adaptability to a
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wide range of operational conditions. This research develops a machine learning framework incorporating a
Random Forest (RF) model with advanced optimization techniques, namely JSO and STOA, to cover these gaps.
The optimizedmodel developed here significantly outperforms the classic approach in terms of the improvement
in predictive accuracy of CO and CO₂ emissions, thus providing operators with the possibility to drive
data-informed adjustments in real time for minimal emission. The developed research presents an innovative
hybrid approach to the prediction of emissions, thus offering an applied tool to industry stakeholders and
contributing to environmental sustainability goals through the use ofmachine learning in gasification technology
for the first time.

2 Materials and methodology

2.1 Data gathering

The data in this article is collected from the laboratory data of Reference [29–40]. This research employed the
70–30 split while collecting samples for the proposed model, 70 % of the samples were used for training and the
remaining 30 % were utilized for testing. This provides statistical consistency between the training and testing
dataset, which can hence improve the performance of the model and yield better model analysis. This
study performed a separate training, validation, and test split to assess the model performance. Although 10-fold
cross-validation has been generally suggested because it reduces bias and gives more reliable prediction results,
this approach was informed by pragmatic considerations related to dataset size and computational constraints.
This choice may introduce some degree of bias, and future studies could incorporate a 10-fold CV or other robust
validation methods to enhance model generalization. The current validation method still provides valuable
insights into the performance of the hybrid models. References to best practices and related works [41, 42] have
been added for further context.

Various raw materials, gasification reactor types, and operational conditions were incorporated to ensure
the model has strong generalization potential. The data collection steps from existing publications involved:
– adjusting parameters to align with the dataset’s format, such as converting ultimate composition – data from

a wet basis (wb) to a dry ash-free basis (daf) to maintain consistency across the dataset;
– calculating the lower heating value (LHV) of the feedstock, where necessary, based on its higher heating value

(HHV);
– recording particle size by the smallest dimension, so a pellet measuring 2 × 2 × 10 mm would be recorded as

2 mm.

The dataset contains a wide range of feedstock types, including woody biomass, herbaceous biomass, plastics,
municipal solid waste, and sewage sludge. It also comprises several gasifying substances, such as air, steam,
oxygen, and mixtures. In addition, the dataset includes a variety of reactor types, including fixed beds and
fluidized beds [43].

The findings of the statistical characteristics of the CO and CO2 input variables are displayed in Table 1. The
data provided describes variables and indicators related to biomass pyrolysis. The variables include particle size,
lower heating value, carbon, hydrogen, nitrogen, sulfur, oxygen, ash, moisture, volatile matter, fixed carbon,
cellulose, hemicellulose, lignin, temperature, residence time, steam/biomass ratio, and equivalence ratio. The
indicators consist of each variable’s minimum, maximum, average, and standard deviation values. The CO and
CO2 in vol% db are the output variables. The data specifies the ranges, averages, and standard deviations for each
variable and indicator.

Also, Figure 1 displays the density distribution of the variables, providing insight into the frequency of
different ratios used within the dataset. The plot demonstrates the variability in variables. This distribution is
essential as it highlights the typical operating conditions and the range of steam-to-biomass ratios, allowing
researchers to understand prevalent patterns and outlierswithin the dataset. The rug plot along the x-axis further
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enhances the visualization by marking each sample, which helps identify data density and sample spread across
different ratio values. This figure provides valuable context for assessing how the variables vary, a critical factor
in gasification performance and emissions.

2.2 Random forest

Random forest (RF) is a machine learning algorithm used for both classification and regression tasks. It works at
training time as an ensemble method through the creation of multiple decision trees and outputs the class, mode
of the classes, ormean prediction of the individual trees. The RF algorithmwill combine the predictions of several
decision trees to create a more accurate and stable prediction [44]. It does so by randomly selecting subsets
of input variables and samples from the data to build the decision trees therein [45]. RF is one of the most
well-knownmachine-learningmethods for both classification and regression problems [46]. In this approach, the
ensemble is a set of decision trees that are trained on sub-samples of different dataset subsets. So each tree takes
part in thefinal prediction by amajority vote.Whenever the RF Algorithm is used to solve a regression problem, it
relies onMSE in deciding how each node branches the data. Using the RF Algorithm to solve a regression problem
requires the use of MSE as a criterion that evaluates how the data diverges from each node as follows [47]:

MSE = 1
N

∑
N

i=1
(fi − yi)2 (1)

Where yi is the actual value for the data point i, fi is the value the model returned, and N is the total quantity of
data.

This formula calculates the distance of each node from the predicted actual value, assisting in determining
which branch is the optimal decision for the forest.While fi denotes the value returned by the decision tree, which
frequently uses the Gini index or the formula used to identify the nodes on a decision tree branch, yi represents
the value of the data point being evaluated at a particular node.

Table : The statistical characteristics of the CO–CO input variable.

Variables Indicators

Category Min Max Avg St. Dev.

Particle size [mm] Input . . . .
LHV [MJ/kg wb] Input . . . .
C [% daf] Input . . . .
H [% daf] Input . . . .
N [% daf] Input . . . .
S [% daf] Input . . . .
O [% daf] Input . . . .
Ash [% db] Input . . . .
Moisture [% wb] Input . . . .
Volatile matter [% db] Input . . . .
Fixed carbon [% db] Input . . . .
Cellulose [% db] Input . . . .
Hemicellulose [% db] Input . . . .
Lignin [% db] Input . . . .
Temperature [°C] Input . ,. . .
Residence time [min] Input . . . .
Steam/biomass [wt/wt] Input . . . .
ER Input . . . .
CO [vol% db] Output . . . .
CO [vol% db] Output . . . .
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Figure 1: The distribution plot for input and output.
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Figure 1: Continued.
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Gini = 1 − ∑
C

i=1
(Pi)2 (2)

This formula utilizes the class and probability to calculate the Gini of each branch on a node, identifying which of
the branches is more likely to occur. In this context, pi denotes the relative frequency of the observed class in the
dataset, while c represents the number of classes.

Entropy = ∑
C

i=1
(−P × log2)(Pi) (3)

Entropy relies on the likelihood of a specific result to guide how anode should divide. In contrast to the Gini index,
it involves more mathematical complexity because of the use of a logarithmic function in its computation.

2.3 Optimizing programs

The operation of optimization uses techniques such as gradient descent to iteratively update the model
parameters in the direction that reduces the loss function. Gradient descent calculates the gradient of the loss
function with respect to the model parameters and updates the parameters in the opposite direction of the
gradient. There are various types of optimizers used in machine learning, each with its characteristics and
advantages. Some popular optimizers used in this research include Jellyfish Search Optimizer and Sooty Tern
Optimization Algorithm.

2.3.1 Jellyfish Search optimizer

Jellyfish optimizer (JSO) Initialization mathematical model:
The jellyfish optimizer (JSO) creates its mathematical model by randomly placing the population within the

search space. This starting population is usually selected evenly at random from the lower and upper boundaries
that are specified for each variable, which are tailored to the specific problem being addressed as follows [48]:

Xij = Lbj + (Ubj − Lbj) × Lij (4)

where Ubj is the upper bound and Lbj is the lower bound at j dimension.
A temporal control function termed c(t) relies on the number of iterations and governs the different

movements of each jellyfish. Additionally, it can be computed using Eq. (5):

c(t) = |(1 − t tmax )| × (2 × rand(0, 1) − 1) (5)

Since t is the iteration counter and tmax is the maximum number of iterations.
If c(t) ≥ C0 the jellyfish updates its position along the ocean current defined in Eq. (6).

Xi(t + 1) = Xi(t) + rand(0, 1) × TREND (6)

Where TREND denotes the trend toward the global best and away from the population mean (µ).

TREND = Xg − rand(0, 1) × β × µ(6)µ = ∑XiNi = 1N (7)

where N denotes the population size and β denotes the distribution coefficient. Using swarmmotion, the jellyfish
updates its position when c(t) < C0. When a jellyfish swarms, it exhibits (i) active motion if 1 − c(t) < rand (0,1), and
(ii) passive motion otherwise. In this regard, Figure 2 shows the flowchart of the Jellyfish Search optimizer.

2.3.2 Sooty tern optimization algorithm

SROA is a recently developed nature-inspired optimization technique. It takes its inspiration from the foraging
behavior of the sooty tern, a seabird that has been recognized as one of themost efficient birds in terms of finding
food within the vast environment of the ocean. STOA has been designed to solve optimization problems by taking
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inspiration from the sooty tern’smarvelous capability to efficiently scan the ocean for food patches. Like the other
nature-driven algorithms, such as GA and PSO, STOA finds the optimal solutions by emulating the nature of the
sooty tern. Foraging by sooty terns has been described as area limitation where they search for the most
productive areawith the highest density of food. The algorithm of STOA tries to perform an orderly exploration in
the search space to find the optimal solutions to optimization problems. Although not so widely known, STOA is
one of the interesting nature-based methods for optimization. Like any optimization algorithm, its performance
may vary based on the specific problem being addressed, which is the following [49]:
– Avoiding collisions: SA is used to calculate a new path for another tracking agent to prevent accidents with

nearby search agents (such as sooty terns).

Cst→ = SA × Pst → (z) (8)

Where Cst→ is the situation of the pursuit specialist who does not crash into another inquiry specialist, Pst→ is the
ebb and flow position of the hunt specialist, z is the momentum cycle, and SA is the development of the hunt
specialist in a given pursuit space.

SA = Cf − (z × (Cf Max iterations)) (9)

Where:

Figure 2: A schematic view of
Jellyfish Search optimizer.
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Z = 0,1, 2… Max iterations
Where Cf is a controlling variable used to change the SA, which diminishes straightly from Cf to 0.

– Move towards the direction of themost favorable neighbor: after considering the potential consequences, the
investigation experts unite towards the best neighbor.

Mst→ = CB × (Pbst → (z) − Pst → (z)) (10)

WhereMst→ denotes the various locations of the search agent Pst→ in relation to the best fittest search agent Pst
an arbitrary variable that is in charge of better investigation. CB is calculated as follows:

CB = 0. 5 × Rand (11)

Where Rand is an arbitrary number between the reaches [0, 1].
– Updating comparing to best inquiry specialist: at last, the pursuit specialist or dirty tern can reconsider its

situation corresponding to the best hunt specialist.

Dst→ = Cst → +Mst→ (12)

Where Dst→ is the contrast between the hunt specialist and the best fittest inquiry specialist (Figure 3).

2.4 Developing hybrid frameworks

The main objective of the present research is to develop a hybrid model by coupling the optimization algorithms
with the main model of RF. This part discusses how optimizers boost the accuracy of the predictive model’s
performance. In fact, constructing the hybrid frameworks necessitates optimizing the internal parameters of RF,
including three arbitrary values in RF codes: n_estimators, max_depth, andmin_samples_split. In this procedure,
the programmer can use the optimum rates of these key parameters to avoid bias in calculating CO and CO2 rates.
When the programfinds the best practice in the calculation process, the complexity of progress decreases, leading
to the best accuracy in estimating targets in a short time.

2.5 Evaluation metrics

The research presented here gives the general mathematical formulation to estimate the performance metrics.
It works out the predictive precision of models through the use of MAE, correlation coefficient (R2), root
mean squared error (RMSE), n20-index, variance accounted for (VAF), and objective detection metrics (OBJ).
These statistical measures are going to be elaborated upon as follows:

Figure 3: A flowchart view of the
sooty tern optimization
algorithm steps.
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R2 =
∑
n

i=1
(pi − p)(ri − r)̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅([∑

n

i=1
[(pi − p)2][∑

n

i=1
(ri − r)2])2

√ (13)

RMSE =
̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑
n

i=1
(ri − pi)2√

(14)

MAE = 1
n
∑
n

i=1

⃒⃒⃒⃒
ri − pi

⃒⃒⃒⃒
(15)

VAF = (1 − var(tn − en)
var(tn) ) × 100 (16)

OBJ = ( ttrain − ttest
et train + ttest

) MAEtest + RMSEtrain

1 + R2
train

+( 2ttrain
ttest + ttrain

) RMSEtest −MAEtest

1 + R2
test

(17)

n20 − index = n20
n

(18)

2.6 Hyperparameter

The chosen optimumhyperparameters for RFST andRFJS are presented in Table 2, in an attempt to predict CO and
CO₂ emissions. Finally, the number of estimators (n_estimators) is considered, along with the maximum tree
depth (max_depth) and the minimum samples required for a split (min_samples_split). While for CO prediction,
RFST had optimum performance with estimators being 2, max depth with 2, and a minimum sample split of 202,
on the other hand, RFJS showed better results when using 721 estimators, a max depth of 18, and aminimum split
of 2. Taking into consideration that for CO₂ prediction, RFST would need significantly higher values of 1878, max
depth of 1975, and 17 minimum samples, while on the other hand, the optimal performance of RFJS was achieved
using 2001 estimators, a max depth of 2001, and a minimum sample split of 2. These optimized parameters reflect
the tuning process, which has to be individually performed in each of the target emissions in order to enhance the
models’ predictive accuracy.

This was for reaching the most favorable settings that could provide a minimum predictive error and make
the model generalize more appropriately on new data. Results here depict that the RFJS model optimized by JSO
has generated the best results with respect to CO and CO₂ emissions forecasting. This confirms that these proposed
optimizers are efficient in enhancing model efficiency. The explanation also involves providing an idea of why
these particular parameters have been chosen and how they work in making the model effective for the gasi-
fication processes [50, 51].

Table : Obtained optimal hyperparameters.

Target Hybrid models Hyperparameter

n_estimators max_depth min_samples_split

CO RFST   

RFJS   

CO RFST   

RFJS   
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3 Results and discussion

The experiment was concluded by using experiments that were previously published in related literature, taking
a specific subject and data obtained. It should bementioned that the samples used in this studywere derived from
the source article under specific conditions. In this paper, the lowest and highest levels and the average were
studied regarding the type of gases and materials emitted within the gasification process. Several strategies are
in place to ensure that the model does not overfit while training and keeps its performance balanced on both
training and validation sets. Hyperparameter tuningwith the JSO and STOAwas used to adjustmodel parameters,
prioritizing those that balanced accuracy with model complexity to avoid overfitting. Additionally, performance
metrics – such as RMSE and R2 – were closely monitored across both training and validation datasets to detect
signs of overfitting, such as large discrepancies in accuracy. By carefully selecting parameters and validating
performance on unseen data, the model’s generalizability and predictive accuracy were enhanced, reducing the
likelihood of overfitting.

Asmentioned earlier, three differentmethods were used tomodel the laboratory data on the emission rate of
carbon monoxide and carbon dioxide gases, and Table 3 displays the statistical characteristics of the input
variable for XGBoost. The given table displays statistical data for threemodels known as RFJS, RFST, and RF. These
models were likely designed for a predictive modeling task, and the table reveals their performance results on a
training set, a validation set, a test set, and the overall dataset. The data reported for eachmodel and phase consist
of RMSE, R2, MAE, VAF, and BIAS. RMSE measures the deviation between actual and predicted values, where
lower values indicate better performance. R2 determines howwell themodel corresponds to the data, with higher
values meaning an improved fit. MAE measures prediction error just like RMSE but is less sensitive to outliers.
VAF indicates the variability in data accounted for by the model, where higher values correspond to a more

Table : Result of the developed models.

Model name Modeling phase Index values

R2 RMSE MAE VAF BIAS n20-index

CO RFJS Train . . . . −. .
Validation . . . . . .
Test . . . . −. .
All . . . . −. .

RFST Train . . . . −. .
Validation . . . . −. .
Test . . . . −. .
All . . . . −. .

RF Train . . . . −. .
Validation . . . . −. .
Test . . . . −. .
All . . . . −. .

CO RFJS Train . . . . . .
Validation . . . . . .
Test . . . . . .
All . . . . . .

RFST Train . . . . . .
Validation . . . . . .
Test . . . . . .
All . . . . . .

RF Train . . . . . .
Validation . . . . . .
Test . . . . . .
All . . . . . .
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accurate model. BIAS compares predicted values to actual values, where negative values mean underpredictions
and positive values indicate overpredictions. Based on the results, RFJS appears to be the best among the models
overall since it had the lowest RMSE on the test set, reaching an error rate of 0.593, the highest R2 on the validation
set, and the highest VAF on the training set getting 0.983. However, RFST and RF also performed well, showing
lower absolute error values than RFJS on the validation and test sets. Notably, the BIAS values for all models were
negative, indicating an overall tendency to underpredict the target variable. In the n-20 index, the high value in
the testing phase obtained for RFJS for CO and CO2 equals 0.979. In addition, RF had the poorest value in both
targets compared to hybrid models.

In conclusion, the best choice for this modeling task is the RFJS model, although the remaining models also
displayed strong performance results.

The plotting view of the dispersion of evolved hybrid models is shown in Figure 4. Figure 4 illustrates how
various mixed models are distributed, comparing combined models. The findings indicate that RFST performed
better than the other models. Despite this, RFST showed superior results in comparison to other hybrid models.
It can be inferred that the application of RFST modeling resulted in better performance than other models.
Meanwhile, it should be noted that after that is the RFST model, which is similar to the RFJS, but both have
performed better than the RF model. Therefore, based on this criterion, RFST and RFJS models are better.

Figure 5 illustrates the percentage of CO and CO2 emissions errors, which are assessed in two stages: training
and testing. The RFJS chart shows that the maximum error during training was approximately 44 %, which
increased to 48 % during testing. After that, the RFST chart displays the highest error occurring during training at
46 %, remaining consistent during testing. In contrast, the XGB chart revealed the lowest error percentages
during the training and testing phases at 32 % and 38 %, respectively. The improved performance of the model
during testing implies that it performed well with training samples and that these samples performed similarly
in testing. Similarly, CO2 exhibited similar results.

Figure 6 demonstrates the level of errors in emission for CO and CO2, which were evaluated during Three
phases of analysis – one for training, validation, and one for testing. It can be seen from Figure 6 that for CO gas,
the lowest amount of error belongs to RFJS, with a value of 31.8 %, while the highest amount of error, with a value
of 50 %, belongs to RF. The same is true for CO2 gas, where the RFJS model has the lowest error rate of 40.71 %,
while the RF model has the highest error rate of 75 %.

In Figure 7, there is the violin with box plot errors of proposed models developed for CO and CO2. Figure 7
displays the RFJSmodel’s performance, withmost of the samples falling in the−20 to 30 range and the distribution
being relatively narrow. The RFSTmodel’s performance is shown in Figure 7, with themajority of samples falling
within an error range of −30 to 40. When it comes to CO2, it can be concluded that RFJS performed better than the
other models.

The size of the particles in a gasification process can affect the amount of carbon monoxide (CO) emissions
produced [52]. This is because the amount of oxygen available for the combustion reaction can vary depending on
the particle size, which affects the amount of unburned fuel and incomplete combustion [29]. Overall, with
smaller particle sizes, the higher the CO may result because of a greater proportion of surface to volume and
possibly an insufficient amount of oxygen for the complete combustion process. Larger particle sizes will be less
likely to have that high of a surface area-to-volume ratio and therefore can yield a more efficient combustion
process, releasing less CO. Besides feedstock, the characteristics of the produced syngas can be constrained based
on other variables, such as the gasification process and even the type of feedstock used. Gasification consists of
using carbon as a fuel and reacting it with either oxygen or steam to form a gas mixture product, composed of
carbon monoxide (CO) among others [5]. CO output is based on the amount of carbon feed and gasification
conditions involved, such as pressure, temperature, and oxygen/carbon or steam/carbon ratio. CO emissions can
be higher by increasing the carbon feeding rate into the gasifier, although there exist ways to control and suppress
such emissions accordingly [53]. These strategies include the improvement of gasification conditions, biomass
feedstock, post-gasification treatment, and high-temperature gas cleaning with the addition of CO2 capture and
storage. This results in lower CO emissions with higher hydrogen production via gasification. However, this
reduction in CO emission could again depend upon factors like gasification technology, feedstock composition,
operation variables, and downstream gas cleaning systems. Conditions and many other factors prevail in the
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Figure 4: Plotting the dispersion of the developed models.
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Figure 5: The comparison of predicted and measured values.

B. Shen et al.: Modeling the emitted carbon dioxide and monoxide gases 1043



effect of nitrogen on carbonmonoxide emissions in gasification processes [54]. When nitrogen acts as an agent in
gasification for solid fuels, it reduces oxygen concentration in the reaction zone, thereby giving rise to incomplete
combustion with high levels of CO emissions. When gasification with pure oxygen or air with a high content of
oxygen is carried out, nitrogen can catalyze the formation of CO through the reaction of nitrogenwith carbon and
the subsequent production of nitric oxide (NO). Moreover, the effect of nitrogen on CO emission would depend
uponmany factors like fuel type, temperature, pressure, and gas residence time. Gasification parameters need to
be optimized for maximum fuel conversion efficiency with minimum CO emission. The behavior of sulfur in
affecting CO emissions in gasification processes varies. The sulfur in the feedstock can get converted into sulfur
compounds during gasification, and these may further react with CO to produce more CO2 [55]. If, on the other
hand, a gasification process cannot adequately cope with sulfur, the presence of this agent will have negative
effects, including equipment fouling or corrosion, reducing process efficiency, and increasing CO emissions.
Certain gasification systems may emit more CO when sulfur is present because sulfur interferes with reactions
that form other useful products. The effects of sulfur on CO emission, therefore, depend on several factors
including feedstock type, design of gasification system, and sulfur by-products handling. During gasification
processes, the reaction between oxygen and carbon-containing fuel leads to a generation of CO and other gases
[56]. Therefore, the amount of oxygen consumed in the process of gasification directly impacts the amount of CO
produced. For example, in the process of gasification, the application of more oxygen is bound to decrease the
emission of CO becausemore oxygenwill be in combination with carbon and end up forming CO2 rather than CO.
Conversely, the excess oxygen results in incomplete combustion processes, hence causing the creation of NOx and
other pollutants. Therefore, the quantity of oxygen to be utilized in the process of gasification will depend on
factors such as fuel types used, conditions of gasification, and desired output gases. Optimization of these
variables with due care can lead to an efficient and clean gasification process. Ash in the input fuel could affect the
amount of CO emissions during the gasification process [57]. Ash comprises non-burnable substances that stay
after the fuel has been combusted [58]. Since it can be present in gasification, itmay lead to clinkering and slagging

Figure 5: Continued.
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which could affect gas quality. Clinkering and slagging refer to the hard and glassy substances together with
viscous remains that clog the airflow through the gasifier, interfere with the continuous process of gasification,
and result in the deterioration of gas quality. Furthermore, the presence of ash in the fuel can start char particle
creation during gasification. Char is a carbonaceous material that may be created by incomplete combustion of
the fuel; it reacts with carbon dioxide or steam and produces CO emissions. Thus, ash can increase CO emissions
during gasification. To lessen the effects of ash on CO emissions and gasification, fuel preparation methods
like washing or pelletizing can be executed to reduce ash content and enhance fuel quality, and gasification
technology can be devised tomanage fuel with excessive ash content. The level ofmoisture content in gasification
processes can affect the resulting CO emissions [59]. When fuel with high moisture content is used, some energy
meant to produce synthesis gas evaporates water instead. Incomplete conversion of the fuel can occur as a result,
leading to more CO emissions. The moisture present can also increase water vapor, which can react with carbon
to formCO andH2 and, eventually, other hydrocarbons. However, if the temperature and residency in the gasifier

Figure 6: The error percentage of the models is based on the vertical plot.
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are inadequate, the product gas may retain CO, causing higher emissions. Hence, controlling moisture content in
gasification processes is essential in minimizing CO emissions. The amount of volatile matter in the fuel used for
gasification has a significant effect on the amount of CO emissions [60]. When solid fuels are burned, gaseous
materials are released that contain hydrogen, methane, carbon monoxide, and other volatile hydrocarbons.
Gasification involves partially burning the fuel in a low-oxygen, high-temperature environment to make a gas
called syngas consisting mostly of carbon monoxide and hydrogen. If there is a lot of volatile matter in the fuel,
more carbon monoxide will be produced during gasification because the carbon in the volatile matter turns into
carbon monoxide. Cellulose is a type of carbohydrate made up of glucose units and is typically used as a biomass
feedstock for gasification [61]. Gasification of cellulose results in the production of syngas, which includes CO, H2,
CO2, and trace amounts of other gases like CH4 and H2O. CO emissions during gasification are affected by several
factors, including the operating temperature, residence time, and oxygen availability. Higher gas yields with
lower CO and higher H2 concentrations can be achieved by increasing the temperature and residence time of the

Figure 6: Continued.
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gasifier, while incomplete biomass combustion due to insufficient oxygen can result in higher CO emissions.
Therefore, efficient and low-emission syngas are produced at the optimum gasifier operating conditions.
Cellulose input was dependent on these variables concerning CO emissions. Hemicellulose accounted for most
of the main biomass composition and showed the most pronounced effect in producing CO from gasification
processes [62]. Hemicellulose breaks down into smallmolecules during gasification as CO, CO2, and hydrogen-thus
contributing to the overall CO output from the process. The presence of hemicellulose would also impact the
temperature and residence time for complete gasification and the composition and quality of the synthesis gas
produced. In general, the increased temperatures and longer residence times result in less CO emission, while
lower temperatures and shorter residence times might lead to incomplete gasification and high CO emissions.
Briefly, hemicellulose is a complex feedstock for CO emissions, depending on variables such as biomass feedstock
specifics, gasification technology, or operating conditions of the process.

3.1 Limitations

Some of the main challenges that the proposed machine learning approach, based on the RF model optimized by
JSO and STOA, has to be considered for real-world applications, are: high computational power required for

Figure 7: The violin with box plot
errors of proposed models.
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model training and optimization, often impossible to provide with standard hardware, and cloud solutions or
access to some other form of advanced hardware; large datasets necessary for the effectiveness of the model,
which can be difficult to obtain when trying to capture a variety of operating conditions in gasification processes.
Poor data quality and variability affect the performance of the model also; inaccurate data collection and noise
may lower the accuracy. Random Forest models are difficult to interpret, which presents a problem in certain
cases where clear insights for stakeholders may be necessary, for instance, for regulatory purposes. More-
over, the scalability of the model demands its retraining and adaptation to the change in conditions. Most
importantly, integrationwithin the existing systems requires collaboration among several professionals to assure
compatibility. Meeting these challengeswill be crucial for the successful deployment and effective use ofmachine
learning in gasification processes and environmental applications.

3.2 Future study

Further studies should be directed to certain key areas that can further enhance the machine-learning
approach in bringing out better improvements in gasification systems. Namely, the development of more
accurate hybrid models by incorporating advanced techniques such as deep learning and the investigation
of optimization algorithms including PSO and GA can substantially improve the performance. Applications of
these models to real-time control of gasification processes will facilitate dynamic changes for minimum
emissions. The scope could be further expanded to predict other greenhouse gases, such asmethane (CH₄), for a
more holistic environmental review. Integration with more sophisticated sensor technologies for continuous
monitoring could further improve data acquisition and prediction accuracy. Long-term performance
monitoring and an adaptive learning system in development would assure the reliability of the models over
time. Finally, the assessment of economic implications from these machine learning models would support
comparisons of cost-effectiveness and their impact on emissions reduction. These directions are suggested
to enhance the applicability and efficiency of machine learning in gasification process optimization toward
better environmental performance.

4 Conclusions

These findings from the study illustrate that machine learning can indeed be a very powerful technique in
modeling CarbonMonoxide and CarbonDioxide emissions in gasification, probably because hidden relationships
and correlations in gasification data could become easily exposed. It enables the development of predictive
models that are capable of optimizing the gasification process to reduce emissions with optimized machine-
learning techniques like RFJS and RFST. In fact, among the others, the RF+JSOmodel had the best performance in
CO₂ prediction for all data sets considered, since it was characterized by the lowest RMSE on the test set at 0.593,
the best R2 on the validation set, and the highest VAF on the training set at 0.983. Thus, these results confirm that
RFJS is the most reliable model in emission predictions since it guarantees a high score of precision in both the
CO validation and testing phases and an accuracy comparable to CO₂. While RFST and standalone RF models
also performedwell, with lower absolute error values than RFJS on validation and test sets, they exhibited slightly
lower overall predictive accuracy. The negative BIAS values across all models suggest a minor tendency to
underpredict the target variable. In conclusion, the RFJS model emerges as the optimal choice for this emission
modeling task, yet all models showed strong predictive capability. Additionally, the use of machine learning in
gasification emissions modeling has broader implications: it enables the identification of improvement areas
within equipment and processes and can guide the design of more effective gas-cleaning systems, such as
scrubbers or filters, that reduce CO and CO₂ emissions from syngas. Ultimately, these predictive models provide
actionable insights to support cleaner and more efficient energy production methods.
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