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ABSTRACT. Co-gasification of rice husk and polymer waste presents a sustainable pathway for methanol
production, addressing waste management challenges while supporting renewable energy demand. This study
applies ensemble machine learning models like Extreme Gradient Boosting (XGBoost), Gradient Boosting
Regressor (GBR), and Random Forest (RF) to predict key performance indicators, including stoichiometric number
and methanol yield. A comprehensive hyperparameter tuning strategy was implemented to enhance predictive
accuracy. Among the models, XGBoost demonstrated superior performance, achieving the lowest test mean squared
error (MSE) values of 0.0007 for stoichiometric number and 0.0002 for methanol yield, along with high coefficients
of determination (R?) of 0.9984 and 0.9889, indicating strong generalization capability. GBR showed moderate
performance, while RF exhibited comparatively lower accuracy. Linear Regression performed the worst, with higher
MSE values (0.0366 and 0.0017) and lower R? scores. Taylor diagram analysis further confirmed the robustness of
XGBoost in matching observed data. The results highlight the effectiveness of ensemble learning in optimizing
methanol production and supporting sustainable energy development.

KEY WORDS: Sustainability, Co-gasification, Agricultural waste, Plastic, Waste-to-energy, Machine learning,
Ensemble methods

INTRODUCTION

The demand for energy has grown manyfold worldwide due to the rapid pace of industrialization
and urbanization. The dramatic rise in population has increased energy consumption and
heightened environmental sensitivity [1,2]. A variety of materials have been used to meet human
demands over industrial progress. Still, a good number of raw resources remain waste even with
great efforts to turn them into valuable goods. Rising global population levels are driving a rapidly
increasing garbage generation. This has underlined the need for the best use of resources and
developing effective recovery technologies, which has spurred a lot of studies on creative waste
management solutions [3,4]. Waste management and energy security are two of the most
significant global challenges. The waste creation is anticipated to increase by approximately 50
million tons by 2030 [5]. By turning waste products into heat and power, waste-to-energy
technologies present a practical replacement for landfilling. Although various biomass feedstocks
can be processed by the efficient biomass-to-energy technology, co-gasification, their physical
and chemical properties influence their efficiency. The method reduces the pollution of the
environment and enhances energy recovery and the saving of resources [6,7]. There is extensive
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research done on several aspects of co-gasification, including the use of catalysts, temperatures,
and design of the gasifier, and feedstock flexibility. The flexibility of feedstock plays a vital role
in the process of controlling the high content of ash in biomass and trash because it has a
significant impact on gasification performance [8,9]. Ash presence influences thermal conversion
and syngas quality, potentially leading to slagging, agglomeration, clinker formation, and
interruptions in feedstock flow, hence impeding continuous operation [10]. This study aligns with
SDG 7 (Affordable and Clean Energy) through sustainable methanol from waste co-gasification;
SDG 12 (Responsible Consumption and Production) via waste-to-energy conversion, reducing
landfilling; and SDG 13 (Climate Action) by minimizing CO: emissions and fossil fuel
dependence in renewable fuel production.

Salisu et al. [11] conducted a techno-economic analysis of plastic and rice husk for co-
gasification with calcium oxide (CaO) as a catalyst, integrating combined heat and power (CHP)
generation for small-scale rice mills in Nigeria using an Aspen Plus model. The optimal co-
gasification conditions were identified and applied to the CHP system. At a gasification
temperature of 800 °C, with feed rates of 30 kg/hr for SWPW and 70 kg/hr for RH, the system
achieved a CHP efficiency of 70%, meeting the energy demands of the rice mill. Economic
analysis demonstrated strong feasibility, with a net present value (NPV) of $1.47 million over 15
years. Bhurse et al. [12] in a similar study reported that co-gasification of rice husk and plastic
waste improves waste management and syngas LHV/H, concentration. It was reported that
hydrogen fuel cells generate power from syngas. The Aspen simulator was used to simulate the
operating condition. The simulation was conducted at a pressure of 1 bar with a total feed rate of
100 kg/h, consisting of both plastic and biomass, across a temperature range of 550 °C to
1300 °C. Introducing steam at a steam-to-biomass ratio (SBR) of 2 led to an approximate doubling
of the hydrogen fraction. Incorporating plastic into the feed resulted in higher hydrogen yields at
all temperatures.

Baloch et al. [13] explored co-gasification to investigate the effects of flow rate, blending
ratio, and temperature on syngas quality and quantity. It was reported that higher temperatures
lead to higher syngas production with increased concentrations of H> and CO. It also helped in
improved LHV. Hameed et al. [14] used the Coats-Redfern approach to explore the co-
gasification process of sugarcane bagasse, MSW, and rice husks. This paper will examine the
effects of material blending on activation energy and the synergistic effect of co-processing to
evaluate whether material blending can be used commercially. The compatibility and applicability
of the physicochemical characterization of the feedstocks were confirmed through their
compatibility and utility in thermal conversion. Thermal decomposition mainly took place in the
150-500 °C range, and a total weight loss was obtained of 99.4% in all the individual samples and
their corresponding mixtures, and therefore degraded easily and can be used practically.

The technologies of waste-to-energy have developed greatly; however, there are still
considerable gaps in the predictive modeling and optimization of the co-gasification process. The
current studies are primarily based on experimental and deterministic modeling tools, including
Aspen Plus, to determine the syngas composition, efficiency of gasification, and techno-economic
viability. Though these models are helpful for analysis, they may not generalize to different
feedstocks and operating environments. Most studies focus on a single parameter, e.g., the effect
of catalysts, feedstock mixing ratios, or even temperature changes, without incorporating multiple
factors into a complete predictive model. A major gap in the study is that the employment of
machine learning (ML) methods, especially ensemble methods, to increase predictive accuracy
and generalizability in co-gasification modeling has not been done before. Existing kinetic and
thermodynamic theories, in particular the Coats-Redfern theory, have offered useful mechanistic
information, but in some cases require large amounts of empirical data to be collected, and are
computationally expensive. Moreover, the conventional modes of modeling are under greater
pressure to deal with the multifaceted and nonlinear interactions of different co-gasification
conditions. This highlights the need to have data-based modelling structures with the aid of ML

Bull. Chem. Soc. Ethiop. 2026, 40(11)



Machine learning-based prediction of methanol from co-gasified waste 2289

methodologies that can be used to optimise process conditions, improve the accuracy of forecasts,
and enable real-time decision-making with the help of ML methodologies.

RF is also a valuable approach when it comes to predicting complex gasification behaviors,
as ensemble ML methods such as RF, GBR, XGBoost, and AdaBoost, as well as Stacking models,
have strong advantages. Unlike the individual models, the ensemble methods enhance the
predicted accuracy and reliability by integrating a group of weak learners into a unified system.
This ability is particularly useful in modeling co-gasification, where there is a complicated
nonlinear relationship among the variables, such as feedstock composition, operating temperature,
catalyst selection, and steam to biomass ratio, occurring with a significant impact on the process
efficiency. A key advantage of the ensemble methods is that they provide an ability to improve
the accuracy of the forecasts by reducing the impact of overfitting and greater generalizability
across different co-gasification conditions. In addition, RF and XGBoost are used to explain the
importance of features, which can be used to identify the key variables that influence the synthesis
of syngas, hydrogen, and methanol. These models are skillful in dealing with the lack of data and
experimental noise, which is a common challenge in co-gasification research studies due to the
high cost involved in conducting physical experimentations. Moreover, ensemble learning can
improve real-time optimization by enabling dynamic adjustment of ratios of feedstock and process
parameters, and therefore guarantees a higher yield of methanol. Moreover, such models are easily
compatible with experimental and simulation-based models, including Aspen Plus, as surrogate
models, which increase the efficiency of computing at the cost of high predictive accuracy.

The proposed research aims to fill the gaps in current research by developing an advanced
ensemble ML model to accurately predict syngas composition, hydrogen production and the
amount of methanol formed when polymer waste and rice husk are co-gasified. The model will
be used to test the effect of the important operating parameters, such as temperature, feedstock
composition, the presence of catalysts, and the steam to biomass ratio, through the feature
importance analysis. The study will enhance the efficient generation of hydrogen-rich syngas and
reduce CO; emissions through the identification of the optimum conditions of the process.
Moreover, the accuracy of prediction by the technique of ensemble learning will be compared
with the classic kinetic and thermodynamic models, including Coats-Redfern, and the
improvement in the accuracy and reliability will be assessed. The paper is a comprehensive
framework of predictions incorporating both experimental data and simulation data with methods
of machine learning to optimize the process in real-time and make informed decisions. The
novelty of the study lies in its use of ensemble ML to predict the performance of a co-gasification
system in terms of methanol production in the presence of biomass and polymer wastes. The
hybrid modeling approach will be developed, incorporating experimental results, process models,
and predictions of ML to make it more accurate and scalable. The project will maximize co-
gasification conditions using advanced ML techniques to enhance the viability of methanol
production. It is expected that ensemble ML techniques will offer superior predictive accuracy
compared to traditional kinetic modeling, thus reducing the reliance on costly experimental trials
and speeding up the commercialization of waste-to-methanol conversion. The proposed system
will also enable real-time determination of a decision within industrial co-gasification
applications, which will involve a dynamic adjustment of the process parameters that can obtain
the maximum performance. By creating a data-driven, scalable, efficient, and sustainable method
of biomass gasification, this study breaks the limitations of the previous studies of biomass
gasification and makes significant contributions to renewable energy and waste-to-fuel
technologies.
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MATERIAL AND METHODS
Data collection

In this work, the model of sustainable production of methanol based on rice husk and polymer
waste is developed using published data in the form of experiments and simulations. Leveraging
existing data provides a reliable foundation, and thus, costly and time-consuming trials are not
needed. The dataset will entail basic data, such as feedstock composition, operating conditions,
syngas composition, and catalyst effects. The co-gasification is a process with many variables that
influence it. The available published data would give a thorough analysis of the reaction kinetics,
energy efficiency, and the environmental impact without the need to do additional testing. This
ensures accuracy without compromising the conformity with the current research. The dataset
covers a wide range of situations, which makes it possible to create a stable predictive model. The
implementation of new experiments requires a dedicated infrastructure and resources. Utilizing
thoroughly documented data is an effective and scientifically valid strategy. It enhances
reproducibility and facilitates a straightforward comparison with prior experiments. This
enhances the study's credibility and increases the efficiency of the research process. Hence, in the
present study, data were adopted from Salisu et al. [15]. It had 144 rows of data covering
comprehensive operation and composition data.

Machine learning

Ensemble ML techniques improve the accuracy and resilience of predictive models for the co-
gasification of rice husk and polymer waste, therefore enabling sustainable methanol production.
Combining many techniques, including RF, GBR, and XGBoost, helps ensemble models to
capture complicated nonlinear interactions between input parameters like steam-to-feed ratio,
gasification temperature, and methanol production conditions. This increases prediction
dependability above that of single models. While increasing minimizes bias, techniques like
bagging lower the variance and thereby increase accuracy in calculating methanol yield and
efficiency. Comparatively, linear regression (LR) is a baseline model used to evaluate
performance since it offers a straightforward, understandable standard against which the efficacy
of advanced ML techniques may be measured. Should ensemble techniques much exceed LR,
their application in capturing intricate dependencies and enhancing model generalization makes
sense.

Linear regression

Linear regression (LR) provides a simple method of model-prediction of the production of
methanol using the co-gasification of waste products. The model, along with a small error element
to accommodate variations, attends to a simple mathematical equation according to which the
yield of methanol is expressed as a weighted average of diverse input variables. LR identifies the
most appropriate coefficients that capture the effect of each factor and uses the past experimental
data analysis [16, 17]. This explains the effects that differences in the running conditions have on
the production of methanol. Even though the process is easy to use and comprehend, it insinuates
a linear relationship, which may not necessarily be the case in an advanced co-gasification
process. Despite this limitation, ML is a good foundation. It provides a reference point to the more
advanced ML models, including ensemble ones, that can take note of closer associations between
variables. First, LR performance assessment can be more fairly used to calculate the benefits
brought by more superior methods, ensuring a fair and informed method of predicting and
maximizing sustainable production of methanol [18, 19].
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Random forest

RF can be effectively employed to model and predict the generation of methanol in the co-
gasification process of polymer waste and rice husk. It is required to deal with non-linear
interactions between process factors and output reactions that are complicated. RF is also accurate,
reduces overfitting, and provides an estimate of methanol yield that is more consistent across a
wide range of running conditions by constructing multiple decision trees and averaging their
outcomes [20]. This ability has led to better optimization of the process because researchers can
identify the most significant parameters that have an impact on the production of sustainable
methanol. Moreover, robust in practice applications as RF synthesizes the results of multiple
models, which further makes the method more susceptible to noise and Volatility of the dataset
[21, 22]. It is also through RF that the changing significance can be gauged. The information
assists in optimizing the process parameters, resource efficiency, and informing the decisions on
feedstock composition and operating conditions. RF offers a trade-off between interpretability
and strength of prediction, even though other, more complex ML techniques might exist. Its
flexibility makes it a good candidate to model the sustainable methanol production because it
provides a viable method to the researchers interested in attaining the highest co-gasification and
reducing environmental impacts [23-25].

Gradient boosting regression

The GBR approach begins with the modeling process by building a simple model, typically a
decision tree, to reveal patterns in the data. The differences between the actual values and the
original model are then calculated, and another decision tree is trained to reduce these differences.
The created tree is then combined with the previous model by making a weighted summation of
its outputs. This is repeated in an iterative manner with each new model being trained on the
residuals of the last trained model, and this process is continued until the predetermined number
of trees is reached or the error reduction is low [26-28].

GBR is based on a structured optimization model, which is based on the gradient descent to
reduce the loss objective. This is done by mathematically calculating the gradient of the loss
function relative to the predictions of the model, which guides the smooth refinement of the model
parameters. The optimizations are based on the principles of gradient-based optimization, which
calculates the direction of updating parameters by the gradient calculation. An important aspect
of this process is the learning rate, which is a hyperparameter that determines the intensity of these
changes. It is critical to tune this parameter in order to strike the right balance between
convergence speed and model accuracy so that the learning process will be efficient and effective
in obtaining complex data relationships [29, 30]. GBR may be computationally costly; however,
its forecast accuracy is typically better than simpler models. In order to find the balance between
performance and efficiency, the researchers might modify hyperparameters, such as learning rate
and tree depth [31, 32].

Extreme gradient boosting

Extreme Gradient Boosting (XGBoost) is a sophisticated ML model. Based on the concepts of
Gradient Boosting, it improves efficiency and performance using the best methodologies. It
thereby supports the high-dimensional and complex data applicability [33]. XGBoost gradually
forms a forest of decision trees with each new tree designed to minimize the errors of its
predecessors. It enhances predictive performance by laying more emphasis on misclassified cases
so that the model can capture a complex relationship among input features. In contrast to other
traditional methods of boosting, XGBoost combines regularization methods, thus controlling
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model complexity, minimizing overfitting, and preserving the ability to generalize, even when
relying on a relatively small dataset [34].

XGBoost is very computationally efficient because it minimizes training time. Nevertheless,
it is capable of retaining the strong predictive accuracy through parallel processing. This proves
handy in the complicated process, including methanol production [35, 36]. The XGBoost is also
effective with missing values and data outliers. It can do linear and non-linear relationships
between columns of the data. With the help of hyperparameter optimization, it can be applied to
strike a balance between precision and computational efficiency [37-39]. XGBoost is a robust and
scalable method to optimize the sustainable production of methanol with the help of data.

Grid search-based hyperparameter optimization

The grid search method of hyperparameter optimization methodically considers the fixed
combinations of model hyperparameters to identify the best-fitting model configuration for the
learning algorithm. Every combination is trained and cross-validated, which means that it is
commonly checked on cross-validation to ascertain accurate performance estimation. In the field
of ML, the grid-search approach of hyperparameter optimization contributes by improving the
predictive accuracy, stability of the model, and the ability to generalize. Grid search facilitates
comparative experimentation through structured comparison across settings and assists
researchers in optimizing models to make robust data-driven decisions that are robust [40, 41].

Model evaluation

Statistical methods

Three kinds of statistical indicators, i.e., coefficient of determination (R?), mean squared error
(MSE), and mean absolute percentage error (MAPE), were involved in the current work. All these

measures, together, provide a powerful assessment of whether the model is effective in providing
reliable predictions. The subsequent expressions had been used [42-44]:

2 q _ L0z
Re=1 L) 1)
1 ~
MSE = n =i — 9 (2)
1 i—Ji
MAPE = 3%, |yy—y| x 100 3)

Taylor diagram

The Taylor diagram is a graphical tool that may be used to estimate the accuracy of various ML
models. It presents the RMSE, R, and standard deviation of a number of models, therefore
providing a visual assessment of the relative performance in comparison with the reference model
[45, 46]. The angular position, which is made of a range (-1 to 1), indicates the correlation
coefficient. Values that are close to one exhibit more similarity with the reference model. RMSE
is typically interpreted as the distance relative to the reference point, and as the distance
approaches a small value, the model performs better. The Taylor diagram balances variability and
accuracy to provide a visual comparison of the models that can be used to select the best model
to use in a given situation. It is particularly helpful in analysing complex data sets because one
can quickly and dramatically compare multiple models [47].
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RESULTS AND DISCUSSION

This section has the training and testing results along with the performance of the ML models of
LR, RF, GBR, and XGBoost. The data was divided into a 70:30 model training and testing in such
a manner that would ensure effective model testing. Hyperparameter tuning based on grid search
was done to boost the performance of the models. The performance of every model under perfect
conditions is estimated based on the data presented under conditions such as RMSE, R?, and
accuracy. By using the comparison of the models, it is possible to have an idea of their advantages,
weaknesses, and applicability to the given task, thus determining the model that works best in the
given problem.

Correlational analysis of data

Figure 1a provides a hierarchical clustering of the relationship between the variables in the dataset
in the form of a dendrogram. In which shorter lengths of branches are taken to represent stronger
correlations, it will aid an individual to observe the close relationship between different variables
based on their correlation values. Arranged in the dendrogram form, GT, CGE, and MeY are all
clustered with the high correlation values (0.93-1.00). This correlation means that an increase in
GT has a beneficial influence on CGE and MeY, and therefore, these parameters are highly
interdependent. STF and SN, which show a positive but insignificant correlation (0.76), cluster as
well. This implies that SN is influenced by differences in STF, and this matters in determining the
composition of syngas to be used in methanol production. The heatmap indicates that SN, CGE,
and MeY have a negative correlation (GT vs. SN, -0.58 to -0.51), which might indicate a scenario
where increased GT leads to reduced SN, hence affecting the synthesis process. Parameters of
methanol production, T and P, are not entirely dependent on parameters of poor relationships with
other factors, as their relationships show. This is confirmed by the dendrogram separating them,
thereby showing that they interacted with co-gasification conditions at a minimum. The
dendrogram basically groups variables into meaningful groups, hence justifying the meaningful
association observed in the correlation table. It provides insight into the optimization of the
processes, which emphasizes that, under the condition that independent factors influence the
situation with the production of methanol, the control of GT and STF can significantly influence
the productivity and efficiency.
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Figure 1. (a) Dendrogram and correlation heatmap showing hierarchical clustering (GT-CGE-
MeY cluster r ~ 0.93-1.00; negative GT-SN r ~ -0.55) for feature relationships; (b)
Normalized boxplots revealing SN/CGE/MeY outliers and STF/P stability to guide pre-
processing.
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The normalized boxplot visualizes the distribution of GT, STF, T, P, SN, CGE, and MeY after
normalization in Figure 1b. Every feature's core box shows the interquartile range; whiskers show
data distribution; outliers are represented as separate points outside the whiskers. GT has a
moderate dispersion, a median near zero, and several outliers both below -2 and above 1. With
fewer outliers and a small range, STF indicates a consistent distribution. T and P show fewer
fluctuations; T has a symmetric distribution. SN shows the greatest dispersion; outliers over 2 and
below -2 point to great variation. Having a quite high median, a wide range, and several outliers,
CGE and MeY have a similar distribution. Outliers in SN, CGE, and MeY point to notable
variations; STF and P stay more constant. This graph exposes the dataset's extreme values and
shows feature variances.

Model prediction with ensemble methods

In this study, various Python-based open-access libraries were utilized to develop, optimize, and
evaluate the ensemble ML models. RF, GBR, LR, and Hyperparameter tuning and statistical
evaluation were implemented using Scikit-learn, as well as leveraging its effective gradient
boosting framework, XGBoost was specifically trained and optimized the XGBoost model. Data
handling, preparation, and transformation were made easier by NumPy and Pandas, therefore
guaranteeing seamless integration of response variables and input criteria. Taylor diagrams and
other statistical plots were utilized in Matplotlib and Seaborn to show model performance, hence
facilitating a comparison study. These libraries used together allowed accurate modeling,
performance evaluation, and insightful visualizations, hence strengthening the predictive
framework for methanol manufacture.

Stoichiometric number model

The hyperparameter optimization process plays a crucial role in refining the predictive capabilities
of ML models. For the SN model, the optimization was performed systematically to enhance
accuracy and ensure robust generalization. The search for optimal hyperparameters focused on
three models—RF, GBR, and XGBoost—where a grid search was employed to explore different
combinations. As shown in Table 1, RF performed best with 200 estimators and a maximum depth
of 10, ensuring a balance between complexity and performance. Similarly, GBR and XGBoost
achieved optimal results with a learning rate of 0.1 and 200 estimators, indicating that a moderate
learning rate facilitated stable convergence while preventing overfitting. The effectiveness of the
optimized models was evaluated through statistical metrics, including MSE, R2, and MAPE, as
detailed in Table 2. Among all models, XGBoost (Figure 2d) demonstrated the highest predictive
accuracy, achieving a near-perfect R? value of 1.0000 for training and 0.9984 for testing. Its
exceptionally low MSE and MAPE further confirmed its capability to minimize errors and provide
reliable estimates for SN. GBR followed closely, with a strong test R2 of 0.9960 and a lower error
rate than RF (Figure 2b), showcasing its effectiveness in capturing complex patterns within the
dataset.

RF also performed well, with a test R2 of 0.9930, indicating a high degree of predictive
reliability. However, its slightly higher MSE and MAPE values compared to GBR (Figure 2c)
and XGBoost suggested that it introduced minor variations in prediction accuracy. Despite this,
RF remained a competitive choice due to its robustness and interpretability. In contrast, LR
(Figure 2a) exhibited the weakest performance, with both train and test R2 values at 0.9191. The
significantly higher MSE and MAPE for LR indicated its limitations in capturing nonlinear
relationships within the dataset. While LR provides a simple and interpretable approach, its
performance gap in comparison to advanced models highlights the necessity of employing tree-
based ensemble methods for improved accuracy. Overall, the statistical evaluation underscores
that XGBoost outperformed other models in terms of predictive precision and generalization. Its
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ability to maintain minimal error margins and high R2 values confirms its suitability for SN
modeling. The results also emphasize the importance of hyperparameter tuning, as the selected
values played a pivotal role in optimizing each model’s effectiveness. The comparison further
demonstrates that while simpler models like LR may offer computational efficiency, advanced
ensemble methods such as GBR and XGBoost provide superior performance, making them more
suitable for applications requiring high predictive accuracy [48, 49].

(Linear Regression})

(Random Forest)

254 x  Training Data X7 454 X Training Data L
% Testing Data s % Testing Data o
40 === +10% Bound I ,55’ 40 - +10% Bound T 3
"
. -10% Bound % % -10% Bound .
> 35 x"x/'i R > 3.5 v %
» L KK 7] - t%*
5 30 ARy R < 30 X
2 P 1 2 .
3] g Pl 3] e
T 254 % T 254 - X
5 X e @ .
L 204 X /‘ -ﬂ# Train RZ 0.9191 o 204 /{x)f‘* Train R% 0.9980
M ’,;({(E Test R 0.9191 SR Test R 0.9930
ST Train MSE: 0.04 A% Train MSE: 0.00
159 % 7% Test MSE- 0 04 1.5 s Test MSE: 0.00
’; Tk Train MAPE: 6.00% Train MAPE: 0.59%
104 2% Test MAPE: 6.01% 104 Test MAPE: 1.29%
X
I I 1 I 1 1 I T T T T T T T
1.0 15 20 25 30 35 40 1.0 15 2.0 25 30 35 4.0
Actual SN Actual SN
(@) (b)
(Gradient Boosting) (XGBoost)
454 X Training Data e 454 x  Training Data e
% Testing Data X % Testing Data Aox
Ly
40 === +10% Bound e | 40 --- +10% Bound LW
-10% Bourd R -10% Bound .
35+ % 354 v
z P x* z P
5., Lo R 2 an
o T - = 7 -
o}
2 e 5 et
5 25 - 3 25 W"
e £ 8 i
%0 s Train R 0.0993 &0 e Train % 1.0000
S TestR= 0.0960 s Test Rz 0.9984
’g’x Train MSE: 0.00 £ Train MSE: 0.00
154 7 Test MSE: 0.00 154 et Test MSE: 0.00
¢ Train MAPE: 0.1% Train MAPE: 0.03%
104 Test MAPE: 0.88% 104 Test MAPE: 0.54%
T T T T T T T T T T T T T T
1.0 15 20 25 30 35 40 1.0 1.5 20 25 30 35 40
Actual SN Actual SN
(© (d)

Figure 2. SN model results observed vs predicted for (a) LR, (b) RF, (c) GBR, (d) XGBoost.
Cold gas efficiency model

Table 1 displays the optimal values of each model together with the search space of the
hyperparameter. RF search range included the depth of trees considered as maximum in depth of
trees search range (max_depth) and the number of estimators (n_estimators). The best settings
obtained were 200 estimators and unlimited maximum depth, thus allowing the model to explore
a deeper tree structure. About GBR, the learning rate and the number of estimators were tuned
very carefully. The optimal design that reflected a trade-off between the complexity of models
and the learning rate was 200 estimators and a learning rate of 0.2. And lastly, the XGBoost
optimization focused on the learning rate and estimators; the best parameter was 50 estimators
with the learning rate of 0.1. The goal behind the selection of these ideal settings was to make the
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most out of prediction and limit overfitting, and thus enhance the ability of the models to
generalize.

Table 1. Range of hyperparameters and optimized hyperparameter values for all models.

ML/ Model Hyperparameter Search Range Optimized Hyperparameters
SN model
{'numbers of estimators": [50, 100, 200],
RF 'Maximum depth': [5, 10, None]} 200, 10
{'numbers of estimators': [50, 100, 200],
GBR 'Rate of learning': [0.01, 0.1, 0.2]} 200, 0.1
{'numbers of estimators": [50, 100, 200],
XGBoost 'Rate of learning": [0.01, 0.1, 0.2]} 200,0.1
CGE model

{'numbers of estimators': [50, 100, 200],

RF 'Maximum depth': [5, 10, None]} 200, None
{'numbers of estimators": [50, 100, 200], 'Rate
GBR of learning": [0.01, 0.1, 0.2]} 200,0.2
{'numbers of estimators': [50, 100, 200], 'Rate
XGBoost of learning": [0.01, 0.1, 0.2]} 20,0.1

Methanol yield model

{'numbers of estimators": [50, 100, 200],

RF ‘Maximum depth'; [5, 10, None]} 50, 10
{'numbers of estimators": [50, 100, 200],

GBR 'Rate of learning': [0.01, 0.1, 0.2]} 200,0.1
{'numbers of estimators": [50, 100, 200],

XGBoost 'Rate of learning': [0.01, 0.1, 0.2]} 200, 0.1

Table 2 provides an in-depth statistical evaluation of the training and testing set models based
on some significant criteria, such as MSE, R* and MAPE. The results demonstrate RF, GBR, and
XGBoost have performed brilliantly with a great predicted power. Figure 3b RF model had a
small training MSE of 0.5424, which implies that there are small errors in training, whereas its
test MSE was increased to 2.0496. In spite of this fact, the RF model retained a high-test R? value
of 0.9811, which means that it could sufficiently account for a good proportion of the test data
variance. The model had a test MAPE of RF of 4.71, meaning that the forecasts made by the
model were on average 4.7% off. GRB (Figure 3c) also performed quite well with a very low
training MSE of 0.0184 and a training R? of 0.9998, indicating that it fitted the training data almost
perfectly. The test MSE increased to 2.9058, but the test R? was reduced to 0.9732. The test set
MAPE of GBR was 4.78%, which is slightly lower, and thus the model was not as precise as RF.
XGBoost (Figure 3d) exhibited a good performance with a training MSE of 0.1695 and an
excellent test R? of 0.9907. Although the slight increase in test MSE (1.0076) shows that XGBoost
has a high generalizing capacity, training R? = 0.9981 means that XGBoost has successfully
learned using the training data. XGBoost generated quite precise predictions even on the test set
with a test MAPE of 3.94%. With regards to MAPE, this model was superior to RF and GBR,
hence highlighting its efficiency in minimizing prediction errors.
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Table 2. Statistical evaluation of developed models.
Train Test Train 2 Train Test
Model ML MSE | MsE | Re | TR MAPE % | MAPE, %
RF 0.001 0.0032 0.998 0.993 0.5902 1.2917
GBR 0 0.0018 | 0.9999 0.996 0.1146 0.8822
XGBoost 0 0.0007 1 0.9984 0.0259 0.5394
SN LR 0.0402 0.0366 | 0.9191 0.9191 6.0028 6.0088
RF 0.5424 2.0496 | 0.9939 0.9811 1.85 4.71
GBR 0.0184 2.9058 | 0.9998 0.9732 0.4 4.78
XGBoost 0.1695 1.0076 | 0.9981 0.9907 1.14 3.94
CGE LR 9.6464 6.5239 | 0.8918 0.9399 11.23 11.09
RF 0.0001 0.0002 | 0.9936 0.9877 2.195 4.34
GBR 0 0.0002 | 0.9995 0.9915 0.76 4.13
Methanol | XGBoost 0 0.0002 | 0.9997 0.9889 0.54 4.34
Yield LR 0.0018 0.0017 | 0.9012 0.9101 10.45 14.41
{Linear Regression) (Random Forest)
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Figure 3. CGE model results observed vs predicted for (a) LR, (b) RF, (c) GBR, (d) XGBoost.

Bull. Chem. Soc. Ethiop. 2026, 40(11)



2298 S. Santhanakrishnan et al.
Methanol yield model

A thorough search was conducted to determine the most suitable hyperparameter settings in the
methanol yield models that ensure a trade-off is made with respect to accuracy and computational
economy. Table 1 indicates that RF achieved the maximum performance in terms of maximum
depth of 10 and 50 estimators, i.e., a considerably shallow tree structure using fewer estimators
was enough to identify the trends in the data. GBR and XGBoost with a learning rate of 0.1 and
200 estimators worked best, and it can be postulated that a small learning rate is used to prevent
overfitting and, at the same time, ensure consistent convergence. The statistical analysis of these
models presented in Table 2 provides a valuable analysis of these models in terms of their
performance. XGBoost (Figure 4b) with a near-perfect train R? of 0.9997, and a high-test R? of
0.99889, indicated the highest accuracy and thus, its ability to generalize on unprocessed input.
The fact that its MSE values were low further enhanced its reliability; a low MAPE of 0.54%
indicated precise predictions when training. The test MAPE was a bit higher, however, with
minimal variation in its generalizing performance.

GBR (Figure 4c) resembled XGBoost and presented a high predictive ability because it had a
train R? of 0.9995 and a test R2 of 0.9915. It also had slightly lower test MAPE than XGBoost,
4.13, but its total error rates remained low; this is also a competitive alternative. The findings
indicated that GBR was resistant to overfitting and was successful at capturing complex
relationships in data. RF (Figure 4b) had a praiseworthy performance with a train R? of 0.9936
and a test R? of 0.9877, although it was less precise compared to GBR and XGBoost. Because the
MSE of the test was equal to the other models, the prediction variance was quite large since the
values of MAPE of training and testing were 2.195% and 4.34%, respectively. Nevertheless, RF
was still a good decision due to its interpretability and reliability, particularly when the top priority
is given to the cases of computational efficiency. LR (Figure 4a) had the most dismal performance
by way of low R? values, 0.9012 training and 0.9101 testing. The considerably larger values of
MSE and MAPE indicated that LR struggled to discover the nonlinear relationships in the data,
especially with a test MAPE equal to 14.41%. These findings support the fact that ensemble-based
models are required to achieve higher predictive accuracy, such as GBR and XGBoost.

The results with minimum error margins and the high generalizing ability indicate that
XGBoost and GBR outperform the other models in the estimation of methanol yield. The
comparison further highlights the necessity of hyperparameter adjustment because it significantly
improves the performance of other significant parameters. Despite the simplicity of LR, the
advanced ensemble algorithms are the most preferable algorithm to be used when making high-
accuracy forecasts in the modeling of methanol yield because it is demonstrated to be efficient.
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Figure 4. Methanol yield model results, actual vs predicted, for (a) LR, (b) RF, (c) GBR, (d)

XGBoost.
Model comparison

The Taylor diagrams below offer a thorough statistical contrast of varieties of ML models-LR,
RF, GBR, and XGBoost by showing the correlation coefficient, standard deviation, and centered
RMSE of the models against the observed values. In each graphic, the performance assessment of
a particular dataset or output variable is available, thus allowing visual evaluation of the model
that most closely approximates the observed values. With a high correlation coefficient and a
closeness to the reference point (black star), XGBoost indicates the nearest situation with the
observed data in the first Taylor diagram (Figure 5a). The best model that can be applied in this
case would be the standard deviation because the location of the model is of low error, and the
model perfectly models the observations. Although RF and LR are more deviated, which means
that they have less predictive ability, GBR is right behind them and exhibits a similar correlation,
however, with slightly higher variances. Once again, demonstrating the good correlation and
minimal deviation of the observed values, the second graph (Figure 5b) contributes to the strength
of XGBoost-based prediction. GBR works well, although its somewhat higher deviation results
in second-best accuracy. Though less consistent than GBR and XGBoost, RF keeps reasonable
accuracy. LR, farthest from the observed reference, finds it difficult to adequately reflect the
underlying trends.

One finds a clear change in the standard deviation distribution in the third diagram (Figure
5¢). XGBoost and GBR are still the most in line with the data; RF deviates greatly, suggesting
more prediction mistakes. LR still shows difficulties with nonlinear data patterns since it is the
least successful with low correlation and a widening standard deviation. The fourth diagram,
Figure 5d, showcases a somewhat distinct trend. XGBoost keeps a leading position in terms of
correlation and deviation; RF seems to have performed better than in past occasions. GBR is still
competitive, although its variance points to rather reduced accuracy than XGBoost. LR still is the
least dependable predictor, as shown in past diagrams.

XGBoost achieves the strongest correlation and the most balanced standard deviation in the
fifth graphic (Figure 5e), therefore following the same trend. GBR s still comparable even if it
deviates somewhat more than XGBoost. While LR shows the biggest degree of deviation from
observed values, RF's position reflects reasonable prediction performance. The last graphic,
Figure 5f, validates the results noted during the study. Still, the most exact model with the best
correlation and lowest error is XGBoost. GBR performs well, but shows somewhat more
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deviations; RF is a good substitute. Once again, it lags behind the ensemble models; LR
emphasizes the requirement of more complicated approaches in capturing complex data

interactions.

With consistently the best correlation with observed data and the lowest error margins,
XGBoost shows overall to be the most successful model in all circumstances. GBR is still a good
substitute, although showing somewhat more variations. Though strong, RF is less exact than the
other ensemble techniques. LR regularly underperforms, clearly insufficient for challenging

datasets.
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Figure 5. Taylor diagrams for (a) SN models during training, (b) SN models during testing, (c)
CGE models during training, (d) CGE models during testing, (¢€) MeY models during
training, (f) MeY models during testing.

CONCLUSION

This paper reveals the usefulness of ensemble ML models in modeling the prediction of the
production of methanol as a result of the co-gasification of rice husk with polymer waste. An
extensive hyperparameter tuning process was used to enhance model performance. XGBoost also
consistently outperformed all the other models investigated by the lowest test MSE values and
highest R? values of both stoichiometric number and methanol yield. Gradient Boosting: Although
the regressor exhibited a little higher test errors than the XGBoost, it exhibited high prediction
power. RF was also not as precise as the other ensemble models, but its accuracy was also
reasonable. On the contrary, LR demonstrated apparent boundaries with significantly lower
accuracy of prediction, increased errors in the tests, and lower correlation with measured values.
This demonstrates its inability to capture the numerous nonlinear interactions of the co-
gasification process. The statistical analysis with the help of Taylor diagrams proved that
XGBoost was predominant, and it consistently aligned best with the observed data, followed by
GBR. Whereas LR showed the least results, RF showed a level of accuracy relatively. The
findings of this study point to the fact that ensemble ML models can be effective tools to maximize
sustainable methanol production. The process parameters can be refined by using predictive
modeling, and thus they may be optimized to enhance general system performance, reduce waste,
and enhance efficiency. The use of additional feedstocks, refining of the reaction conditions, and
including the latest ML algorithms will allow further research to broaden these findings and to
raise the prediction accuracy and sustainability in the renewable energy applications significantly.
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