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Abstract
This study employs a Linear Regression-based stacking ensemble learning approach as a novel method to enhance biodiesel
conversion efficiency. Initially, a dataset derived from the literature was used to train an ensemble model that combines
predictions from Random Forest, XGBoost, and Deep Neural Network (DNN) through a Linear Regression-based fusion
approach. This model outperformed individual models (Random Forest: − 0.16, XGBoost: − 0.67, and DNN: 0.36) by
achieving an R2 score of 0.45. To further improve model performance, 4900 synthetic data samples were generated and
integrated into the dataset. Leveraging the stacking ensemble learning approach with this expanded dataset, the model
demonstrated a significant improvement in predictive accuracy, achieving an R2 score of 0.81. This corresponds to an
approximate 4% increase in performance compared to individual models (Random Forest: 0.78, XGBoost: 0.78, and DNN:
0.77), highlighting the effectiveness of ensemble learning in optimizing biodiesel conversion efficiency. Additionally, the
model exhibited high accuracy with low error rates (MAE: 1.16 and MAPE: 1.24%), effectively compensating for the
weaknesses of individual models and providing more stable and generalized predictions. To the best of our knowledge, this
is the first study to incorporate a Linear Regression-based stacking method to enhance biodiesel conversion efficiency. These
findings underscore the potential of ensemble learning techniques and synthetic data integration in improving renewable
fuel efficiency. Future research can further enhance model performance by incorporating larger datasets and exploring more
advanced ensemble strategies.

Keywords Biodiesel conversion · Stacking ensemble · Linear regression · Synthetic data · Machine learning

1 Introduction

Alternative fuels have gained importance due to depleting
fossil fuel sources and environmental concerns [1]. These
fuels, including hydrogen, LPG, CNG, biodiesel, and syn-
thetic fuels, offer potential solutions for various applications
such as internal combustion engines, aviation, and power
generation [2–4]. The development of alternative fuels has
been influenced by public policies and economic factors [5].
However, challenges remain in terms of production, infras-
tructure, and technological readiness [4]. The selection of
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optimal alternative fuels requires consideration of multiple
criteria, including environmental impact, energy efficiency,
and economic factors [6]. Ongoing research focuses on char-
acterizing and improving the performance of these fuels to
support the transition to cleaner energy systems [7].

Biodiesel is a renewable fuel produced from vegetable
oils, animal fats, or recycled cooking oils through trans-
esterification [8, 9]. It can be used pure or blended with
conventional diesel in unmodified engines [10]. Biodiesel
offers several advantages, including improved lubricity,
higher cetane number, and reduced emissions of particulate
matter, carbon monoxide, and unburned hydrocarbons [8]. It
is biodegradable, non-toxic, and environmentally beneficial
[11, 12]. The use of biodiesel can enhance energy security,
reduce greenhouse gas emissions, and provide socioeco-
nomic benefits to rural areas [9, 13]. However, challenges
such as feedstock competition with food crops and land-use
changes need to be addressed [14]. Ongoing research focuses
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on improving production processes, exploring alternative
feedstocks, and optimizing engine performance to further
enhance biodiesel’s potential as a sustainable fuel alternative
[12, 14]. There is a need for optimization in biodiesel pro-
duction to achieve the highest conversion yield at the lowest
cost and in the shortest possible time.

Recent studies have explored the application of machine
learning (ML) techniques to optimize biodiesel production
processes. Various ML algorithms, including random for-
est, AdaBoost, and gradient boosting, have demonstrated
high accuracy in predicting biodiesel yield and quality
[15–17]. These models consider multiple input variables
such as reaction time, temperature, catalyst concentration,
and methanol-to-oil ratio [18, 19]. Ensemble learning meth-
ods, particularly boosting algorithms, have shown superior
performance in modeling biodiesel production, with some
studies reporting yields of up to 98%[20, 21].MLapproaches
have been applied to various aspects of biodiesel production,
including process optimization, quality estimation, and real-
time monitoring [22]. These techniques offer advantages in
handling complex, nonlinear relationships between process
parameters and outcomes, potentially reducing the need for
extensive physical experiments [15, 16].

Recent studies have explored machine learning
approaches to optimize biodiesel and biogas produc-
tion. Ensemble methods, particularly stacking and boosting,
have shown promising results in predicting and maximizing
yields [23] developed a stacking ensemble model integrating
LightGBM, CatBoost, and evolutionary strategies to accu-
rately predict biogas yield. For biodiesel production, Ahmad
et al. combined boostingwith polynomial chaos expansion to
predict product composition and quantity while accounting
for process uncertainties [24]. Almohana et al. compared
three boosted ensemble models (Huber Regression, Deci-
sion Trees, and Gaussian Process) for optimizing biodiesel
production from waste cooking oil, with the boosted Gaus-
sian Process model achieving the highest accuracy [25].
Similarly, Lu and Zhang evaluated AdaBoost Regression
Tree, Extra Trees, and Gradient Boosting Regression Tree
for predicting biodiesel yield from palm oil, with Gra-
dient Boosting Regression Tree demonstrating superior
performance [21]. These studies highlight the effectiveness
of ensemble learning techniques in improving prediction
accuracy and optimizing biofuel production processes.

In the field of biodiesel production optimization, existing
literature largely relies on traditional methods that require
extensive physical experimentation andmanual optimization
of processes. While machine learning-based optimization
studies exist, they primarily focus on individualmodels, often
overlooking the potential improvements offered by combin-
ing these models into ensemble approaches.

This study addresses this gap by employing the Voting
Ensemble method to integrate the strengths of individual

models, resulting in more balanced, reliable, and inter-
pretable predictions. Themain contributions of this approach
in filling the research gap are as follows:

1. Mitigating Individual Model Limitations: Individual
models often excel under specific conditions but may
underperform in others. Ensemble Model based on Lin-
ear Regression reduces these inconsistencies by combin-
ing the strengths of different models, creating a more
robust predictive framework.

2. Improved Overall Performance: The Ensemble Model
based on Linear Regression method in this study
increased the average R2 score of individual models
by 7.35%, demonstrating superior accuracy and inter-
pretability. This highlights the effectiveness of ensemble
methods as a tool for biodiesel production optimization.

3. Enhancing Efficiency: The high accuracy achieved by
the EnsembleModel based on Linear Regressionmethod
reduces the need for extensive physical experiments,
enabling faster and more cost-effective optimization of
production processes.

4. Effective Use of Augmented Data: The dataset
expanded through Generative Adversarial Networks
(GAN) allowed the Ensemble Model based on Lin-
ear Regression method to better capture complex and
multidimensional relationships, further improving its
predictive capabilities.

In conclusion, the Ensemble Model based on Linear
Regressionmethod emerges as a solution to the shortcomings
of individual models and a powerful approach for optimiz-
ing biodiesel production processes. By demonstrating the
applicability and advantages of ensemblemethods, this study
provides a foundation for future research and wider adoption
of advanced machine learning techniques in biodiesel pro-
duction.

1.1 Literature Review

The production of biodiesel from various oils is influenced
by several key factors. Methanol-to-oil molar ratio signif-
icantly affects biodiesel yield, with optimal ratios ranging
from 3:1 to 16:1 [26, 27]. Catalyst type and concentration
play crucial roles, with both homogeneous (NaOH, KOH)
and heterogeneous catalysts being effective [28]. Reaction
temperature typically ranges from 55 to 65 °C, while optimal
reaction times vary from 2 to 2.5 h [26, 29, 30]. Stirring speed
also impacts biodiesel yield, with speeds ranging from 250
to 700 rpm [29]. Ultrasonic cavitation has shown faster reac-
tion rates compared tomechanical stirring [30]. These factors
collectively influence biodiesel yield, which can reach up to
98%under optimized conditions [26]. The resulting biodiesel
often meets international standards for fuel quality [31, 32].
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Fig. 1 Network visualization of key research topics related to biodiesel

In conclusion, achieving the highest conversion yield in
biodiesel production depends onnumerous factors.Hundreds
of experiments may be required to achieve the highest yield
using classical methods. By combining machine learning
models with voting ensemble learning models, it is aimed
to minimize this number. Figure 1 shows a network visual-
ization of the main research topics related to biodiesel.

Figure 1 shows the network visualization of key research
topics related to biodiesel production. The interconnected
clusters highlight the multidisciplinary nature of the field,
with significant associations to machine learning, optimiza-
tion, and modeling processes. Concepts such as artificial
neural networks, ensemble learning, and boosted regression
trees are prominent in the context of machine learning appli-
cations. Additionally, terms such as biogas, climate change,
and public transportation emphasize the broader environ-
mental and practical implications of biodiesel research. This
network analysis demonstrates the integration of advanced
computational methods and sustainability concerns, reflect-
ing the evolving trends and priorities in biodiesel stud-
ies.

For this study, 250 articles published in Elsevier in 2024
were reviewed. Only publications that produced biodiesel
using the transesterification method were selected. From
these, 100 articles were chosen where the data on the type of
oil used, type and amount of catalyst, methanol-to-oil molar

ratio, reaction temperature, reaction time, and conversion
yield were complete. The dataset for this study consists of
these 72 selected articles. The articles used as the dataset in
the study are presented in Table 1.

2 Methodology

This study presents an integrated approach combining data
augmentation and machine learning methods to optimize
biodiesel production processes and analyze the relationship
between conversion efficiency and production parameters.
The methodology involves the use of Generative Adversar-
ial Network (GAN)-based data augmentation and Ensemble
Model based on Linear Regression method. GAN increases
data diversity by generating synthetic data for limited and
small datasets, while Ensemble Model based on Linear
Regression method aims to achieve more balanced and accu-
rate predictions by combining the strengths of different
models. Within the scope of the study, important parameters
used in biodiesel production processes (e.g., methanol-to-oil
molar ratio, catalyst ratio, reaction time, and reaction tem-
perature) and conversion efficiency as a target variable are
considered. The detailed analysis of these processes and the
preparation of the dataset used formed the basis for training
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Table 2 Description and hyperparameters of the regressionmodels used

Model Description Hyperparameters

Random forest
regressor (RF)

Regression
performed using a
random forest
algorithm

n_estimators: 100,
random_state: 42

XGBoost regressor
(XGB)

Regression
performed using
an XGBoost
model

n_estimators: 100,
random_state: 42

Deep neural
network (DNN)

Deep neural
network model
with multiple
layers

Dense(64, relu)
BatchNormalization
Dropout(0.2)

Dense(32, relu)
Dense(1)

Ensemble model
(Linear
regression)

Linear regression
model combining
RF, XGB, and
DNN predictions

No hyperparameters,
standard linear
regression used

and evaluating the model. The description and hyperparam-
eters of the regression models used are given in Table 2.

2.1 Data Augmentation Process

The GAN (Generative Adversarial Network) model is based
on a competitive learning process between its two core com-
ponents: the generator and the discriminator. The process
begins with the generation of random input vectors in the
Latent Space (Random Noise). These random inputs are
processed by the generator to produce Generated Data (Syn-
thetic Samples), which are fake data instances. The generator
strives to create synthetic data that share the same statistical
properties as real data.

The GAN (Generative Adversarial Network)-based data
augmentation process is realized by integrating synthetic
data samples generated with random input with real data. As
shown in Fig. 2, the feedback loop between the generator and
the discriminator in this process increased the similarity of
the synthetic data to the real data, and an augmented dataset
was created by integrating these data. This augmented dataset
was used to train and evaluate machine learning models to
improve model performance.

The generated synthetic data are then evaluated by the dis-
criminator alongside real data. The discriminator’s task is to
distinguish whether the input data are real data or synthetic
data produced by the generator. Feedback from the discrim-
inator is sent back to the generator, enabling it to improve
and produce more realistic synthetic data. This iterative opti-
mization process continues between the generator and the
discriminator.

As shown in Fig. 3, the architectures of the generator
and discriminative networks of the GAN model are detailed.

The generator network is designed using dense layers start-
ing with an input layer and including LeakyReLU activation
functions to generate synthetic samples from random inputs.
The discriminator network has a similar dense layer structure
to distinguish between synthetic and real data. In addition, the
model is optimized with an integration network that includes
a two-layer sequential structure. This architecture is orga-
nized in such a way that data generation and discrimination
are performed efficiently.

The synthetic data produced by the GAN and the real
data are combined in the Data Integration + Model Training
step. This combination results in an augmented and enriched
dataset. The enhanced dataset is then used for training and
evaluatingmachine learningmodels. Finally, in theEnhanced
Dataset + Model Evaluation step, the improved dataset and
analysis outcomes are obtained.

This process is particularly effective in scenarios with
small and limited datasets, as it helps expand the dataset and
improve model performance. The synthetic data generated
by the GAN increases data diversity by closely resembling
real data, thereby enhancing the generalization capacity of
the model.

2.2 Data Preparation

The GAN-augmented dataset included biodiesel production
parameters (methanol_ratio, catalyst_ratio, reaction_time,
and reaction_temperature) and the target variable conver-
sion_efficiency. Missing values were imputed with column-
wise means, and the entire dataset was normalized to the
[0, 1] range using MinMaxScaler. The dataset was randomly
split into training (80%) and testing (20%) subsets. As shown
in Fig. 4, the correlation matrix reveals the relationships
between the parameters in the biodiesel production process.

Figure 5a shows a multimodal distribution of the
methanol/oil molar ratio, with peaks at 6 and 16, indicating
that these are commonly used ratios. Figure 5b highlights
the proportion of catalysts, with frequent values at 1, 3,
and 4, while higher ratios are less common. Figure 5c
depicts response times, showing a right-skewed distribu-
tion with a peak at 180, concentrated between 60 and 180.
Figure 5d illustrates reaction temperatures, with a bimodal
structure peakingbetween60 and65 anddeclining toward70.
Figure 5e shows conversion efficiency, with a peak around 96
and concentration between 88 and 100, suggesting high over-
all efficiency. The box plot for the methanol/oil molar ratio
confirms a balanced distribution, with most data between
8 and 14, a median of 11, and no outliers. These distri-
butions highlight key patterns and preferences in biodiesel
production processes. In particular, the positive correlation
between methanol/oil molar ratio and reaction tempera-
ture (46%) indicates that controlling the methanol ratio can
positively affect the reaction temperature. Furthermore, the
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Fig. 2 GAN (Generative Adversarial Network)-based data augmentation process

Fig. 3 Generative Adversarial Network (GAN) architecture. a The generator network. b The discriminator network. c The combined model
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Fig. 4 Correlation matrix showing the relationships between parameters in the biodiesel production process

relationships between catalyst ratio and conversion efficiency
provide opportunities for optimization at various stages of
the process. These findings suggest that effective manage-
ment of independent variables in biodiesel production can
improve process efficiency. Figure 6 shows the main param-
eters of biodiesel production in the form of histograms and
box plots.

The box plots in Fig. 6a–e provide a summary of key
parameters in biodiesel production. Figure 6a shows the dis-
tribution of the methanol/oil molar ratio, where most data
fall between 8 and 14, with a median of 11 and no outliers.
Figure 6b illustrates the catalyst ratio, where values are con-
centrated between 1 and 4, with a median of 3 and limits at 0

and 7, showing no outliers. In Fig. 6c, the reaction time dis-
tribution indicates most data are between 100 and 160, with
a median of 120 and boundaries at 60 and 180, again with no
outliers.

Figure 6d highlights the reaction temperature, concen-
trated between 60 and 70 with a median of 65, though one
outlier exists below the lower boundary of 55. Finally, Fig. 6e
shows the conversion efficiency, where values are tightly
clustered between 92 and 98, with a median of 96 and no
outliers observed. Overall, the box plots demonstrate that the
data for key parameters are generally well-distributed, with
minimal outliers, providing a clear representation of trends
in biodiesel production.
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Fig. 5 Histograms with density curves showing the distribution of key parameters in biodiesel production

2.3 Machine LearningModels and Hyperparameter
Optimization

Several machine learning models were utilized to predict
conversion efficiency, with a focus on optimizing perfor-
mance through hyperparameter tuning. The Random Forest
Regressor was implemented with 100 estimators and a

fixed random state to ensure reproducibility while main-
taining model stability. Similarly, the XGBoost Regressor
was applied with 100 estimators and a fixed random state
to enhance predictive performance through boosted decision
trees. The Deep Neural Network model was structured with
multiple layers, including dense layerswithReLUactivation,
batch normalization, and dropout regularization to prevent
overfitting. To improve predictive accuracy, hyperparameter

123



Arabian Journal for Science and Engineering (2025) 50:19421–19441 19431

Fig. 6 Box plots of key parameters in biodiesel production

tuningwas conducted to identify themost effective parameter
configurations for each model.

2.4 Ensemble Model: Linear Regressor

In this study, three different regression models were uti-
lized to analyze the dataset and predict the target variable.
The models included Random Forest Regressor, XGBoost

Regressor, Deep Neural Network, and an Ensemble Model
based on Linear Regression. The Random Forest and
XGBoost models were implemented with 100 estimators,
and a fixed random state was applied to ensure reproducibil-
ity. The Deep Neural Network model was structured with
multiple layers, including a 64-unit dense layer with ReLU
activation, batch normalization, dropout regularization, a 32-
unit dense layer with ReLU activation, and a final output
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Fig. 7 Constraint handling flowchart for biodiesel model

layer. To enhance predictive performance, an ensemble learn-
ing approach was adopted by integrating the predictions of
all models through a standard linear regression model. This
strategy was designed to leverage the advantages of indi-
vidual models while reducing their limitations, leading to
improved overall prediction accuracy.

To ensure that the biodiesel model adheres to predefined
constraints, a structured constraint handling approach was
implemented. As illustrated in Fig. 7, the process begins with
data collection and data preprocessing, ensuring that raw
data is appropriately formatted and cleaned. Subsequently,
a constraint check is conducted to verify whether the data
and model outputs comply with the predefined feasibility
criteria. Following constraint verification, base models are
trained and further optimized through a stacking ensemble
model to enhance predictive performance. The performance
evaluation step assesses the model’s accuracy and robust-
ness, ensuring compliance with technical and environmental
constraints. Finally, the results are interpreted to derivemean-
ingful insights. This systematic approach improves model

reliability and ensures that constraint violations are effec-
tively managed.

In this study, a Stacking Ensemble Learning approach
was employed to enhance predictive accuracy by combin-
ing multiple machine learning models. The base learners
consisted of Random Forest Regressor, XGBoost Regres-
sor, and Deep Neural Network, each trained on the dataset
to generate independent predictions. These diverse models
were selected to leverage their unique strengths—tree-based
models for capturing nonlinear relationships and deep learn-
ing for feature extraction. To aggregate the outputs from the
base learners, a meta-learning approach was implemented
using Linear Regression as the meta-learner. The predictions
generated by the base models were used as inputs to the
meta-model, which learned to optimize their combination to
produce the final prediction. This methodology aligns with
the Stacking Ensemble Learning framework, where multiple
heterogeneous models contribute to improving overall pre-
dictive performance by reducing individual model biases and
variances.

Unlike Bagging, which trains multiple instances of the
same algorithm on different subsets of the data, or Boost-
ing, which iteratively improves weak learners by assigning
higher weights to misclassified instances, Stacking focuses
on learning an optimal combination of diverse model outputs
through a higher-level learner. By utilizingLinearRegression
as themeta-learner, the ensemblemodel effectively combines
predictions in a weighted manner, allowing it to generalize
better than any single base learner. This approach ensures
that the model capitalizes on the complementary strengths of
individual algorithmswhilemitigating their respectiveweak-
nesses. Thus, the Stacking-based ensemble framework used
in this study offers an efficient and robust predictivemodeling
strategy, integrating different machine learning paradigms to
enhance accuracy and generalization performance. The pro-
posed stacking ensemble model diagram is shown in Fig. 8.

2.5 Model Training and Evaluation

Each model was trained on the training set and evaluated
on the test set using multiple approaches to ensure robust
performance assessment. The primary evaluation metric was
the R2 score, calculated as Eq. 1:

R2 � 1 −
∑n

i�1(yi − ŷi )2
∑n

i�1(yi − y)2
(1)

where yi represents the actual values, ŷi represents the pre-
dicted values, and y is the mean of the actual target values.
TheR2 score provides ameasure of howeffectively themodel
explains the variance in the target variable, with values closer
to 1 indicating stronger predictive capabilities. To further
analyze the prediction accuracy, scatter plots of actual versus
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Fig. 8 Ensemble model based on
linear regression

Fig. 9 Loss curves during GAN training

predicted values were generated for each model, accompa-
nied by a reference line representing perfect predictions.
Additionally, the R2 scores for all models were compared
and presented in a bar chart, offering a clear visual depiction
of performance differences. This comprehensive evaluation
approach, combining numerical metrics and visual tools,
allowed for an in-depth understanding of each model’s effec-
tiveness and reliability in predicting the target variable.

3 Results

This study highlights the successful integration of GAN-
based data augmentation and ensemble learning for ana-
lyzing and optimizing biodiesel production processes. The
proposed approach provides a robust framework for improv-
ing the prediction and optimization of conversion efficiency
in biodiesel production. To evaluate the effectiveness of the

method, the performance of the Voting Ensemble Learning
model was compared against individual machine learning
models using the R2 score as the evaluation metric. The
models included in the comparison were the Random Forest
Regressor, the XGBoost Regressor, Deep Neural Network,
and the Ensemble Model based on Linear Regression. This
comparative analysis demonstrated the superior performance
of the ensemble approach in leveraging the strengths of indi-
vidual models to achieve more accurate predictions. Figure 9
shows the loss curves during GAN training.

The data augmentation process using GAN significantly
enhanced the dataset, leading to improved performance of
the machine learning models. The Voting Regressor demon-
strated the best overall performance by effectively combining
the strengths of individual models. Among the individual
models, Random Forest, and Gradient Boosting emerged
as top performers, showcasing their robust predictive capa-
bilities. Additionally, Random Forest Regressor, XGBoost
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Fig. 10 Scatter plots of actual vs. predicted values for regression models a Random Forest predictions, b XGBoost predictions, c Deep Neural
Network predictions, and d Ensemble Model predictions

Regressor, and Deep Neural Network provided reasonable
predictions, highlighting their utility and reliability in this
specific context. This demonstrates the effectiveness of both
ensemble methods and individual models in optimizing
biodiesel production processes.

Figure 9 shows in detail the loss during the training process
of Generative Adversarial Network (GAN) model. The dis-
criminative loss for real data fluctuated initially but stabilized
as the process progressed. Similarly, the discriminative loss
for the fake data fluctuated initially, then decreased signifi-
cantly and stabilized. Producer loss showed a highfluctuation
at the beginning of the training process but decreased and
stabilized over time. The slight increase in the producer loss
in the later stages of the training process indicates that the

model is trying to produce more realistic data. Overall, the
graphs show that the GAN model is effectively trained by
successfully balancing between discriminant and producer.

Figure 10 presents the prediction performance of the Ran-
dom Forest Regressor, XGBoost Regressor, Deep Neural
Network, and Ensemble Model based on Linear Regression
by comparing their predicted values with actual values. All
models exhibit predictions that align closely with the true
values, particularly in higher target ranges. In Fig. 10a, the
RandomForest Regressor generally provides a strong predic-
tive performance, though some deviations from the reference
line are noticeable. Similarly, in Fig. 10b, the XGBoost
Regressor demonstrates a comparable level of accuracy, with
slightly reduced scatter in the predicted values. Figure 10c
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Fig. 11 Bar chart of R2 scores for the selected and ensemble models

shows the Deep Neural Network model, which maintains
a reasonable alignment with the actual values but exhibits
slightly larger variations at lower prediction ranges. Finally,
in Fig. 10d, the Ensemble Model effectively integrates the
predictions of the three models, resulting in a more stable
and generalized output. These visualizations confirm that the
selected models are effective in predicting the target vari-
able, with ensemble learning demonstrating an advantage in
improving overall predictive performance.

To facilitate the comparisonofmodel performance, Fig. 11
presents a bar chart visually depicting the R2 scores of the
individualmodels and the ensemblemodel on the test dataset.
The Random Forest Regressor and XGBoost Regressor each
achieved anR2 score of 0.78, while theDeepNeural Network
model obtained a slightly lower score of 0.77. The Ensem-
ble Model based on Linear Regression, which integrates
predictions from thesemodels, demonstrated the highest per-
formance with an R2 score of 0.81. By combining multiple
base models, the ensemble approach effectively leveraged
their strengths to enhance overall predictive accuracy. This
result highlights the advantage of ensemble learning tech-
niques in improving regression performance, making them a
valuable approach for predictive modeling tasks.

4 Discussion

In this study, a regression analysis was performed for the pre-
diction of conversion efficiency in the biodiesel production
process using the Ensemble Model based on Linear Regres-
sion. The performance of the model was analyzed using
various evaluation metrics. Figure 12 shows the evaluation
metrics for the Voting Regressor model.

As shown in Fig. 12, theMeanAbsolute Error (MAE)was
calculated as 1.01, indicating that the EnsembleModel based
on Linear Regression provides predictions that closely align

Fig. 12 Evaluation metrics for the ensemble model based on linear
regression

with the actual values. The Mean Squared Error (MSE) was
measured at 2.19, reflecting the presence of some moderate
deviations. The RootMean Squared Error (RMSE), recorded
as 1.48, offers an interpretable measure of error magnitude in
the units of the target variable, reinforcing themodel’s predic-
tive reliability. Additionally, the Mean Absolute Percentage
Error (MAPE) was determined as 1.03%, highlighting the
model’s accuracy in percentage terms. The R2 score of 0.81
further demonstrates the model’s strong explanatory power,
confirming its effectiveness in capturing the variability of the
target variable.

The results presented in the R2 score comparison illus-
trate the effectiveness of the ensemble learning approach in
enhancing predictive accuracy.While individualmodels such
as Random Forest and XGBoost each achieved an R2 score
of 0.78, and the Deep Neural Network (DNN) slightly lower
at 0.77, the Ensemble Model outperformed them all with an
R2 score of 0.81. This improvement can be attributed to the
ensemble method’s ability to combine the strengths of dif-
ferent models while mitigating their individual weaknesses.
By aggregating the predictions of Random Forest, XGBoost,
and DNN, the ensemble approach capitalizes on the diverse
learning strategies of these models—leveraging the robust
feature selection of tree-based methods and the deep fea-
ture extraction of neural networks. As a result, the ensemble
model reduces variance and improves generalization, lead-
ing to a more accurate and stable predictive performance.
These findings highlight the advantage of ensemble learning
techniques in regression tasks, reinforcing their suitability
for complex prediction problems where individual models
may struggle to achieve optimal accuracy independently.

Based on the evaluation metrics presented in Figs. 11
and 12, the Ensemble Model based on Linear Regression
demonstrated superior predictive performance compared to
the individual models. The Mean Absolute Percentage Error
(MAPE) was found to be 1.03%, indicating a low devia-
tion from the actual values and highlighting the model’s high
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accuracy. The R2 score of 0.81 suggests that the majority of
the variance in the target variable is well explained by the
model.

Additionally, the Ensemble Model based on Linear
Regression outperformed the individual models, including
the Random Forest, XGBoost, and Deep Neural Network.
While the R2 scores for Random Forest and XGBoost were
0.78, and the Deep Neural Network achieved 0.77, the
Ensemble Model improved upon these results by achieving
the highest R2 value of 0.81. This increase demonstrates the
effectiveness of combining multiple models to enhance pre-
dictive performance.

The rate of improvement achieved was calculated using
the following in Eq. 2.

Improvement Rate(%) � EnsemleModel R2 − Average BaseModel R2

Average BaseModel R2 × 100 (2)

Taking the average base model R2 value as approximately
0.78, the improvement rate of the Ensemble Model based
on Linear Regression was found to be around 3.85%. This
result further supports the hypothesis that ensemble learning
enhances prediction accuracy by leveraging the strengths of
different models while mitigating their weaknesses.

In conclusion, the Ensemble Model based on Linear
Regression effectively improves predictive accuracy andgen-
eralization in estimating conversion efficiency. However,
further optimizations such as hyperparameter tuning, feature
selection, and the integration of additional variables could
enhance performance even further. Future studies may also
explore more complex ensemble techniques or deep learn-
ing architectures to further refine the prediction models for
biodiesel production processes. These findings contribute
to data-driven decision-making strategies for optimizing
biodiesel conversion efficiency and advancing sustainable
energy solutions.

The comparison of model performance between the orig-
inal and synthetic datasets, as illustrated in Fig. 13a and
b, provides valuable insights into the generalizability and
robustness of the applied machine learning models. In
the original dataset, the ensemble model demonstrates the
best overall performance across multiple evaluation metrics,
includingMean Absolute Error (MAE), Mean Squared Error
(MSE), RootMean Squared Error (RMSE), and R2. Notably,
the XGBoost model exhibits the highest error values in the
original dataset, whereas the deep neural network (DNN)
and ensemble model achieve relatively lower error rates. The
ensemble model’s ability to integrate multiple predictions
effectively leads to improved accuracy and reduced error,
reinforcing its advantage in complex regression tasks.

In contrast, when trained on the synthetic dataset, the per-
formance of all models becomes more uniform, as shown in
Fig. 13b. The MAE, MSE, and RMSE values for Random
Forest, XGBoost, DNN, and the ensemble model converge,
indicating that the models respond similarly to the synthetic
data distribution. Furthermore, the R2 values exhibit higher
consistency across all models, suggesting that the synthetic
dataset lacks the same level of complexity or variability as
the original data. While this uniformity implies that the syn-
thetic dataset can serve as a reasonable approximation for
model evaluation, it also raises concerns regarding its ability
to fully capture the intricacies of real-world data.

The results indicate that while synthetic data can be
used for model validation and preliminary testing, it may

not always reflect the complexities and patterns present
in real-world datasets. The ensemble model continues to
exhibit slightly superior performance in both datasets, further
supporting the effectiveness of combining multiple models
for improved predictive accuracy. However, future studies
should explore techniques to enhance the representative-
ness of synthetic datasets to ensure that model evaluations
remain meaningful and applicable to real-world scenarios.
Additionally, advanced data augmentation methods or gen-
erative approaches, such asGenerativeAdversarialNetworks
(GANs), could be investigated to generatemore realistic syn-
thetic datasets that better capture the statistical properties of
the original data.

Future studies can focus on improvingmodel performance
by utilizing larger and more diverse datasets while optimiz-
ing hyperparameters. Additionally, the proposed ensemble
approach, which has been applied in this study for the
first time, can be further explored in high-accuracy predic-
tion tasks to enhance its effectiveness. Implementing this
methodology in different domains or refining it with more
complex architectures may lead to even greater improve-
ments in predictive accuracy. Moreover, the integration of
real-time prediction systems can contribute to the continuous
monitoring and optimization of the biodiesel production pro-
cess. Enhancing model interpretability through techniques
such as SHAP or LIME can provide deeper insights into
feature importance, facilitating more transparent decision-
making. Additionally, analyzing both the environmental and
economic impacts of biodiesel production using machine
learning-driven optimization approaches could offer a mul-
tidimensional perspective for process enhancement. These
recommendations not only contribute to academic research
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Fig. 13 Comparison of model performance metrics on original and synthetic datasets. a Evaluation metrics for models trained on the original
dataset, including MAE, MSE, RMSE, and R2. b Evaluation metrics for models trained on the synthetic dataset

but also offer significant practical implications for indus-
trial applications, ensuring that machine learning-driven

predictive models are continuously improved and effectively
applied in sustainable energy solutions.
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analysis of gaseous alternative fuels I: hydrogen and l iquefied
petroleum gases. Paliva (2022). https://doi.org/10.35933/paliva.
2022.02.03

2. Talupula, N.M.; Rao, P.S.; Kumar, B.S.; Praveen, C.: Alterna-
tive fuels for internal combustion engines: overview of current
research. SSRG Int. J. Mech. Eng. 4(4), 17–26 (2017). https://
doi.org/10.14445/23488360/IJME-V4I4P105

3. Vinoth Kanna, I.; Arulprakasajothi, M.; Eliyas, S.: A detailed
study of IC engines and a novel discussion with comprehensive
view of alternative fuels used in petrol and diesel engines. Int.
J. Ambient Energy 42(15), 1794–1802 (2021). https://doi.org/10.
1080/01430750.2019.1614994

4. Cabrera, E.; de Sousa, J.M.: Use of sustainable fuels in avia-
tion—A review. Energies 15(7), 2440 (2022). https://doi.org/10.
3390/en15072440

5. Teixeira, A.C.; Machado, P.G.; Borges, R.R.; Mouette, D.: Public
policies to implement alternative fuels in the road transport sector.
Transp. Policy 99, 345–361 (2020). https://doi.org/10.1016/j.tran
pol.2020.08.023

6. Kuznetsov, G.; Antonov, D.; Piskunov, M.; Yanovskyi, L.;
Vysokomornaya, O.: Alternative liquid fuels for power plants
and engines for aviation, marine, and land applications. Energies
15(24), 9565 (2022). https://doi.org/10.3390/en15249565

7. Seljak, T.; Vanhove, G.; Mounaïm-Rousselle, C.; Dias, V.; Con-
tino, F.: Fundamental characterization and performance of alter-
native fuels. Front. Mech. Eng. 6, 609504 (2020). https://doi.org/
10.3389/fmech.2020.609504

8. Jon HVG, Charles LP, Carroll EG, Carroll E. Biodiesel: An Alter-
native Fuel for Compression Ignition Engines n.d.

9. Demirbas, A.: The importance of bioethanol and biodiesel from
biomass. Energy Sour. Part B 3(2), 177–185 (2008). https://doi.
org/10.1080/15567240600815117

10. Bajpai, D.; Tyagi, V.K.: Biodiesel: source, production, composi-
tion, properties and its benefits. J. OLEo Sci. 55(10), 487–502
(2006). https://doi.org/10.5650/jos.55.487

11. Balat, M.: Fuel characteristics and the use of biodiesel as a trans-
portation fuel. Energy Sour. Part A 28(9), 855–864 (2006). https://
doi.org/10.1080/009083190951474

12. Luque, R.; Lovett, J.C.; Datta, B.; Clancy, J.; Campelo,
J.M.; Romero, A.A.: Biodiesel as feasible petrol fuel replace-
ment: a multidisciplinary overview. Energy Environ. Sci. 3(11),
1706–1721 (2010). https://doi.org/10.1039/c0ee00085j

13. V. K, P. K. BIODIESEL: BENEFICIAL FOR ENVIRONMENT
AND HUMAN HEALTH n.d.

14. Khairati M. Biodiesel: An Overview. International Journal of
Research and Review n.d.;10:228–36. https://doi.org/10.52403/
ijrr.20231127.

15. Gupta, K.K.; Kalita, K.; Ghadai, R.K.; Ramachandran, M.; Gao,
X.Z.: Machine learning-based predictive modelling of biodiesel
production—A comparative perspective. Energies 14(4), 1122
(2021). https://doi.org/10.3390/EN14041122

16. Ahmad, I.; Ayub, A.; Ibrahim, U.; Khattak, M.K.; Kano, M.:
Data-based sensing and stochastic analysis of biodiesel produc-
tion process. Energies 12(1), 63 (2018). https://doi.org/10.3390/
EN12010063

17. Jin, X.; Li, S.; Ye, H.; Wang, J.; Wu, Y.; Zhang, D.; Ma, H.;
Sun, F.; Pugazhendhi, A.; Xia, C.: Investigation and optimization
of biodiesel production based on multiple machine learning tech-
nologies. Fuel 348, 128546 (2023). https://doi.org/10.1016/j.fuel.
2023.128546

18. Xing, Y.; Zheng, Z.; Sun, Y.; Agha, A.M.: A review on machine
learning application in biodiesel production studies. Int. J. Chem.
Eng. 2021(1), 2154258 (2021). https://doi.org/10.1155/2021/21
54258

19. Awogbemi, O.; Kallon, D.V.: Application of machine learning
technologies in biodiesel production process—A review. Front.
Energy Res. 11, 1122638 (2023). https://doi.org/10.3389/fenrg.
2023.1122638

20. Sukpancharoen, S.; Katongtung, T.; Rattanachoung, N.; Tippaya-
wong, N.: Unlocking the potential of transesterification catalysts
for biodiesel production through machine learning approach.
Bioresour. Technol. 378, 128961 (2023). https://doi.org/10.1016/
j.biortech.2023.128961

21. Liu, P.; Zhang, Y.: Optimization of biodiesel production from oil
using anovel green catalyst via development of a predictivemodel.
Arab. J. Chem. 16, 104785 (2023). https://doi.org/10.1016/j.ar
abjc.2023.104785

22. Abdelbasset, W.K.; Elkholi, S.M.; Opulencia, M.J.; Diana, T.; Su,
C.H.; Alashwal, M.; Zwawi, M.; Algarni, M.; Abdelrahman, A.;
Nguyen, H.C.: Development of multiple machine-learning com-
putational techniques for optimization of heterogenous catalytic
biodiesel production from waste vegetable oil. Arab. J. Chem.
15(6), 103843 (2022). https://doi.org/10.1016/j.arabjc.2022.10
3843

23. Mukasine,A.; Sibomana, L.; Jayavel,K.;Nkurikiyeyezu,K.;Hiti-
mana, E.: Maximizing biogas yield using an optimized stacking
ensemble machine learning approach. Energies (Basel) 17, 364
(2024). https://doi.org/10.3390/en17020364

24. Ahmad, I.; Ayub, A.; Ibrahim, U.; Khattak, M.K.; Kano, M.:
Data-based sensing and stochastic analysis of biodiesel produc-
tion process. Energies (Basel) 12, 63 (2018). https://doi.org/10.
3390/en12010063

25. Almohana, A.I.; Almojil, S.F.; Kamal, M.A.; Alali, A.F.; Kamal,
M.; Alkhatib, S.E., et al.: Theoretical investigation on optimiza-
tion of biodiesel production using waste cooking oil: machine
learning modeling and experimental validation. Energy Rep. 8,
11938–11951 (2022). https://doi.org/10.1016/j.egyr.2022.08.265

26. Qiu, F.; Li, Y.; Yang, D.; Li, X.; Sun, P.: Heterogeneous solid
base nanocatalyst: preparation, characterization and application
in biodiesel production. Bioresour. Technol. 102(5), 4150–4156
(2011). https://doi.org/10.1016/j.biortech.2010.12.071

27. Okullo, A.; Temu, A.K.; Ntalikwa, J.W.; Ogwok, P.: Optimization
of biodiesel production from jatropha oil. Int. J. Eng. Res. Afr.
3, 62–73 (2010). https://doi.org/10.4028/www.scientific.net/jera.
3.62

28. Yusuff, A.S.; Owolabi, J.O.: Synthesis and characterization of
alumina supported coconut chaff catalyst for biodiesel production
from waste frying oil. S. Afr. J. Chem. Eng. 30, 42–49 (2019).
https://doi.org/10.1016/j.sajce.2019.09.001

29. Ayu, D.; Aulyana, R.; Astuti, E.W.; Kusmiyati, K.; Hidayati, N.:
Catalytic transesterification of used cooking oil to biodiesel: effect
of oil-methanol molar ratio and reaction time. Autom. Exp. 2(3),
73–77 (2019). https://doi.org/10.31603/ae.v2i3.2991

123

http://creativecomm\penalty -\@M ons.org/licenses/by/4.0/
https://doi.org/10.35933/paliva.2022.02.03
https://doi.org/10.14445/23488360/IJME-V4I4P105
https://doi.org/10.1080/01430750.2019.1614994
https://doi.org/10.3390/en15072440
https://doi.org/10.1016/j.tranpol.2020.08.023
https://doi.org/10.3390/en15249565
https://doi.org/10.3389/fmech.2020.609504
https://doi.org/10.1080/15567240600815117
https://doi.org/10.5650/jos.55.487
https://doi.org/10.1080/009083190951474
https://doi.org/10.1039/c0ee00085j
https://doi.org/10.52403/ijrr.20231127
https://doi.org/10.3390/EN14041122
https://doi.org/10.3390/EN12010063
https://doi.org/10.1016/j.fuel.2023.128546
https://doi.org/10.1155/2021/2154258
https://doi.org/10.3389/fenrg.2023.1122638
https://doi.org/10.1016/j.biortech.2023.128961
https://doi.org/10.1016/j.arabjc.2023.104785
https://doi.org/10.1016/j.arabjc.2022.103843
https://doi.org/10.3390/en17020364
https://doi.org/10.3390/en12010063
https://doi.org/10.1016/j.egyr.2022.08.265
https://doi.org/10.1016/j.biortech.2010.12.071
https://doi.org/10.4028/www.scientific.net/jera.3.62
https://doi.org/10.1016/j.sajce.2019.09.001
https://doi.org/10.31603/ae.v2i3.2991


Arabian Journal for Science and Engineering (2025) 50:19421–19441 19439

30. Yadav, A.K.; Khan, M.E.; Pal, A.; Singh, B.: Ultrasonic-assisted
optimization of biodiesel production from Karabi oil using het-
erogeneous catalyst. Biofuels 9(1), 101–112 (2018). https://doi.
org/10.1080/17597269.2016.1259522

31. Sadia, H.; Ahmad, M.; Zafar, M.; Sultana, S.; Azam, A.; Khan,
M.A.: Variables effecting the optimization of non edible wild saf-
flower oil biodiesel using alkali catalyzed transesterification. Int.
J. Green Energy 10(1), 53–62 (2013). https://doi.org/10.1080/15
435075.2011.647367

32. Kapilan, N.; Babu, T.A.; Reddy, R.P.: Study of variables affect-
ing the synthesis of biodiesel from Madhuca Indica oil. Eur. J.
Lipid Sci. Technol. 112(2), 180–187 (2010). https://doi.org/10.
1002/ejlt.200800284

33. Yang, Y.; Harper, J.: Adaptive state feedback controller design for
efficient biodiesel production under kinetic uncertainty. Chem.
Eng. Res. Des. 209, 81–93 (2024). https://doi.org/10.1016/j.ch
erd.2024.07.056

34. Corral-Bobadilla, M.; Lostado-Lorza, R.; Sabando-Fraile, C.;
Íñiguez-Macedo, S.: An artificial intelligence approach to model
and optimize biodiesel production from waste cooking oil using
life cycle assessment and market dynamics analysis. Energy 307,
132712 (2024). https://doi.org/10.1016/j.energy.2024.132712

35. Sarkar,A.;Nayak,B.; Joshi,V.; Paul, B.; Puzari,A.:An economic,
and environmentally benign Psidium guajava L. leaves catalyst
for biodiesel production at room temperature: process optimiza-
tion, and life cycle cost analysis. Ind. Crops Prod. 222, 119609
(2024). https://doi.org/10.1016/j.indcrop.2024.119609

36. Tarigan, J.B.; Perangin-angin, S.; Debora, S.; Manalu, D.; Sari,
R.N.; Ginting, J.; Sitepu, E.K.: Application of waste cocoa pod
husks as a heterogeneous catalyst in homogenizer-intensified
biodiesel production at room temperature. Case Stud. Chem.
Environ. Eng. 10, 100966 (2024). https://doi.org/10.1016/j.cscee.
2024.100966

37. Malik, M.A.; Zeeshan, S.; Khubaib, M.; Ikram, A.; Hussain, F.;
Yassin, H.; Qazi, A.: A review of major trends, opportunities, and
technical challenges in biodiesel production from waste sources.
Energy Convers. Manag.: X 23, 100675 (2024). https://doi.org/
10.1016/j.ecmx.2024.100675

38. Siyal, A.A.; Mohamed, R.M.; Musa, S.; Rassem, H.H.;
Khamidun,M.H.:A reviewof the performance of geopolymer cat-
alysts for biodiesel production. Biomass Bioenergy 190, 107373
(2024). https://doi.org/10.1016/j.biombioe.2024.107373

39. Srikumar, K.; Tan, Y.H.; Kansedo, J.; Tan, I.S.; Mubarak, N.M.;
Ibrahim, M.L.; Yek, P.N.; Foo, H.C.; Karri, R.R.; Khalid, M.: A
review on the environmental life cycle assessment of biodiesel
production: selection of catalyst and oil feedstock. Biomass
Bioenergy 185, 107239 (2024). https://doi.org/10.1016/j.biom
bioe.2024.107239

40. Sarangi, P.K.; Singh, A.K.; Ganachari, S.V.; Pengadeth, D.;
Gunda, M.; Aminabhavi, T.M.: Biobased heterogeneous renew-
able catalysts: production technologies, innovations, biodiesel
applications and circular bioeconomy. Environ. Res. 261, 119745
(2024). https://doi.org/10.1016/j.envres.2024.119745

41. Abeysinghe, S.; Jeong, W.G.; Kwon, E.E.; Baek, K.: Biodiesel
production, calcium recovery, and adsorbent synthesis using dairy
sludge. Bioresour. Technol. 413, 131494 (2024). https://doi.org/
10.1016/j.biortech.2024.131494

42. Husaini, S.; Kadire, A.; Verma, R.K.; Pydimalla, M.: Biodiesel
production from blended feedstocks and by-product utilization
for achieving sustainability. Mater. Today Proc. (2024). https://
doi.org/10.1016/j.matpr.2024.05.116

43. Yameen, M.Z.; Juchelková, D.; Naqvi, S.R.; Noor, T.; Ali, A.M.;
Shahzad, K.; Rashid, M.I.; Mahpudz, A.B.: Biodiesel produc-
tion from marine macroalgae Ulva lactuca lipids using novel
Cu-BTC@ AC catalyst: parametric analysis and optimization.

Energy Convers. Manag.: X 23, 100628 (2024). https://doi.org/
10.1016/j.ecmx.2024.100628

44. Pandey, S.; Narayanan, I.; Selvaraj, R.; Varadavenkatesan, T.;
Vinayagam, R.: Biodiesel production frommicroalgae: a compre-
hensive reviewon influential factors, transesterification processes,
and challenges. Fuel 367, 131547 (2024). https://doi.org/10.1016/
j.fuel.2024.131547
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