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Abstract

The growing demand for energy and the environmental impacts of fossil fuels have driven
the search for sustainable alternatives such as biodiesel. Castor oil stands out as a promising
non-edible feedstock but requires optimization strategies to overcome challenges in its
conversion to biodiesel. This study developed a predictive model to determine the optimal
parameters for homogeneous alkaline or acid transesterification of castor oil, aiming to
maximize fatty acid methyl ester (FAME) yield. A dataset of 406 operating conditions
from the literature was used to train and evaluate six models: Multilayer Perceptron with
logistic sigmoid activation (MLP-logsig), hyperbolic tangent activation (MLP-tansig), Radial
Basis Function network (RBF), hybrid RBF + MLP, Random Forest (RF), and Adaptive
Neuro-Fuzzy Inference System (ANFIS). The MLP-tansig achieved the best performance
in training, validation, and testing (R > 0.98). However, when combined with a Genetic
Algorithm (GA), it generated infeasible parameters. Conversely, the RBF + GA combination
yielded results consistent with the literature: molar ratio 19.35:1, alkaline catalyst 1.13%
w/w, temperature 50 °C, reaction time 70 min, and stirring speed 548.32 rpm, achieving
100% FAME yield. This approach reduces the need for extensive experimental testing,
offering a cost- and time-efficient solution for optimizing biodiesel production.
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1. Introduction

Humanity is currently undergoing a period of increasing industrialization and tech-
nological advancement, resulting in a steadily growing energy demand. At present, this
demand is still predominantly supplied by non-renewable sources such as fossil fuels [1].
However, this dependence poses significant risks. Petroleum exploration has become
progressively more challenging. Onshore oil fields are declining at a rate of 3.1% per
year, requiring investments in additional capacity and advanced technologies to access
remote or complex reserves, such as offshore and mature fields [2]. This situation can
negatively affect the market value of the product. Moreover, the combustion of fossil fuels
releases pollutant gases such as nitrogen oxides and sulfur oxides, which are responsible
for environmental issues including the greenhouse effect and acid rain. Human health is
also severely affected by air pollution. Miller et al. (2024) published a concerning review
reporting that air pollution accounts for 8.8 million premature deaths annually. Respiratory
diseases are the most prevalent, including asthma, bronchitis, and bronchoconstriction, but
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air pollution can also lead to cardiovascular problems, kidney damage, and neurological
disorders, among others [3].

Given the problems associated with the combustion of fossil fuels, environmental
legislation around the world has become increasingly strict. Following the publication
of the new Global Air Quality Guidelines by the World Health Organization (WHO),
the European Commission revised its Ambient Air Quality Directive, aiming to align
European Union standards with WHO recommendations [4]. Canada follows the same
trend, establishing in the Canadian Ambient Air Quality Standards Handbook (2025) the
reduction in NO, (per hour) from 60 ppb in 2020 to 42 ppb in 2025, and in SO, from
70 ppb to 65 ppb [5]. In Latin America, Brazil stands out in the environmental agenda. In
a 2018 resolution of the National Environmental Council, the country established a plan
that foresees a progressive reduction in the permitted pollutant levels until 2044 [6]. It
also presents programs to encourage energy transition, such as RenovaBio, which sets
decarbonization targets and certification of biofuel production; and Resolution No. 16 of
the National Energy Policy Council, which mandates the addition of 14% biodiesel to fossil
diesel [7,8].

Initiatives that promote the transition to cleaner fuels, i.e., with lower emissions of toxic
gases, contribute to mitigating impacts on human health and the environment. Biodiesel is
a widely studied energy source for this purpose, standing out for its biodegradable and
environmentally friendly nature [9]. A variety of feedstocks can be used in its production,
such as vegetable oils, animal fats, or microalgae oils. Although several vegetable oils can
be employed in biodiesel production, competition with the food industry—such as in the
case of soybean and corn—reinforces the need to invest in non-edible feedstocks. In this
regard, castor oil (Ricinus communis L.) represents an interesting alternative. Castor seeds
provide a high oil yield, ranging from 40 to 50%, and their cultivation requires few inputs,
making it a low-cost feedstock [10].

Biodiesel production methods may vary, but homogeneous transesterification is the
most widely used industrial technique, which can employ either acidic or basic cata-
lysts [11]. It is worth emphasizing that the characteristics of the oil, the reagents, and the
process parameters directly affect the yield and quality of biodiesel [12]. In homogeneous
basic transesterification, low catalyst concentrations reduce efficiency due to limited active
sites and alcohol/0il emulsion formation, while excessive amounts increase viscosity and
saponification, hampering production [13]. Regarding temperature, for example, it affects
reaction time and conversion rate, so that an optimal temperature results in reduced oil viscos-
ity and improved yield [14]. Therefore, it is necessary to understand process conditions and
determine the best operating parameters by combining technology with production. In this
context, machine learning (ML) emerges as a promising approach to model these relationships.

Machine Learning (ML) is a subset of artificial intelligence that focuses on the de-
velopment of algorithms and techniques capable of learning patterns from data without
explicit programming [15]. It is a powerful tool for identifying relationships in nonlinear
systems that would be difficult to approach using conventional methods [16]. Moreover,
these techniques can be applied to diverse problems such as regression, classification, and
prediction. ML encompasses multiple approaches, including deep learning (a subfield that
incorporates artificial neural networks—ANNSs), ensemble learning, and other methods.

Imai et al. (2020) analyzed ANNSs as a tool to predict adverse drug reactions, conclud-
ing that they have the potential to support clinical decision-making and reduce risks to
patients [17]. In another study, Colak (2021) applied ANNSs to predict the thermophysical
properties of nanofluids, demonstrating their superiority compared to traditional meth-
ods [18]. Santana-Santos et al. (2022) employed Random Forest (RF) as the basis of a
classifier for DNA methylation analysis in the diagnosis of central nervous system tumors,
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highlighting its essential role in achieving high accuracy for complex methylation patterns.
Validation of the method showed performance comparable to the gold standard, with
92% agreement [19]. Currently, various ML architectures are available for different pur-
poses, such as Random Forest (RF), Adaptive Neuro-Fuzzy Inference Systems (ANFIS),
Multilayer Perceptrons (MLPs), Convolutional Neural Networks (CNNs), Recurrent Neural
Networks (RNNs), Long Short-Term Memory networks (LSTMs), and Radial Basis Function
networks (RBFs).

The application of ML associated with castor oil has already been described in the
literature under different approaches. In biolubricant production, MLP models have shown
significant effectiveness, as in the work of Ahmad et al. (2022) with castor oil and iron oxide
nanoparticles, which achieved a 94% yield [20]. Shojaeefard et al. (2012) experimentally
investigated the performance and emissions of a direct injection engine using blends of
castor oil biodiesel with conventional diesel and predicted these parameters using two
artificial neural network approaches: Feedforward and Group Method of Data Handling
(GMDH) [21]. Both studies indicate a positive correlation with the use of neural networks,
promoting optimization, saving time, and reducing operational costs, as they minimize the
need for extensive experimental testing.

The study by Yue et al. (2018) presents an approach closely aligned with this research,
modeling biodiesel production from castor oil using the ANFIS (Adaptive Neuro-Fuzzy
Inference System), with operational parameters as inputs and methyl ester yield as the
output [22]. However, although they demonstrate the effectiveness of ANFIS, the study
provides only operational ranges rather than specific values and employs a smaller dataset
(156 entries) compared to the 406 datasets used in the present study.

Jana et al. (2022) address the optimization of waste cooking oil transesterification
using CaO catalyst and various machine learning techniques, including type-1 fuzzy logic
system (T1FLS), response surface methodology (RSM), ANFIS, and type-2 fuzzy logic
system (T2FLS) [23]. Unlike our study, however, they do not propose a mechanism for
optimizing operational parameters and utilize a different feedstock.

Despite advances in the application of ML to biodiesel production, gaps remain
in the literature, particularly regarding comparative studies of different neural network
architectures—such as MLP, RBF, RE, and ANFIS—and the optimization of performance
metrics such as MSE (Mean Squared Error) and the correlation coefficient (R). There is a
scarcity of comprehensive analyses evaluating multiple architectures, and most research
is limited to direct yield prediction, without exploring inverse optimization approaches—
which use the desired yield as an input to determine optimal combinations of temperature,
molar ratio, reaction time, and other critical parameters.

Therefore, this work addresses this gap by proposing a hybrid model that not only
predicts biodiesel yield with high accuracy but also, innovatively, integrates a genetic
algorithm to perform inverse optimization. This approach automatically determines the
ideal operational parameters for a target yield, offering a robust solution with greater
industrial applicability.

2. Materials and Methods
2.1. Tools

This study employed MATLAB R2025a (Matrix Laboratory) software to develop
and implement the codes for the models—Multilayer Perceptron (MLP), Radial Basis
Function Networks (RBF), Random Forest, Hybrid (MLP + RBF), and Adaptive Neuro-
Fuzzy Inference System (ANFIS). MATLAB is an interactive system with a matrix-based
programming language, supporting fuzzy logic, machine learning algorithms, and other
advanced computational techniques.
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2.2. Kinetic Fundamentals of Transesterification

The transesterification of castor oil is a multi-step reaction involving the sequential
conversion of triglycerides into diglycerides, monoglycerides, and finally into fatty acid
methyl esters (biodiesel) and glycerol, as illustrated in Figure 1. The transesterification
reaction is characterized as non-elementary and reversible in nature.
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Figure 1. Biodiesel production via transesterification [24].

Ramezani et al. (2010) proposed a pseudo-first-order reaction model in their study,
adopting the following simplifications: an irreversible reaction and a constant molar
concentration of methanol during the reaction, to predict a simple kinetic equation for the
initial stage of the reaction [25]. The integrated kinetic Equation (1) is given by:

11‘1(3 — XME) = —kit + In3 1)

where Xr is the methyl ester yield, k/ is the apparent rate constant, and ¢ is the reaction time.

Although this work does not aim to establish an explicit kinetic model, the use of ML
algorithms serves as a computational alternative to conventional kinetic models, as they
are capable of capturing nonlinear relationships between operational variables and the
reaction yield.

2.3. Data and Preprocessing

The data used for training, validation, and testing of the neural networks, the fuzzy
inference system, and the ensemble learning model were collected from the literature. The
search was carried out on the platforms ScienceDirect, Taylor & Francis Group Online,
SpringerLink, and Google Scholar, using the phrases: “Homogeneous transesterification of
castor o0il,” “Homogeneous transesterification of castor oil to biodiesel,” and “Production
of biodiesel from castor oil.”

For the construction of the database, 406 labeled datasets were collected, containing in-
formation on the operating conditions for homogeneous alkaline or acid transesterification
of castor oil. The input variables are: type of catalyst (basic/acid), alcohol-to-oil molar ratio,
catalyst concentration (% w/w), transesterification temperature (°C), reaction time (min),
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and stirring speed (rpm). The output variable is biodiesel yield (FAME). The minimum
and maximum values of each variable are presented in Table 1. The detailed database com-
position and its complete operating ranges are presented in Table S7 (Supplement 2). The
qualitative variable—type of catalyst—was handled using one-hot encoding. Information
on stirring speed is more limited in the literature, due to the tendency of authors not to
report numerical values for this variable. However, this limitation does not compromise
the models, since artificial neural networks are capable of learning from incomplete and
noisy data [26].

Table 1. Lower and Upper Bounds of the Process Variables.

Input Variable Range of Variation
Molar ratio (alcohol:oil) 3:1-31.48:1
Catalyst concentration 0.50-4 wt%
Temperature 25-70 °C
Reaction time 10-600 min
Stirring speed 300-1200 rpm

In the pre-processing stage, numerical data were normalized to optimize convergence
during model training. Given the nature of the data analyzed in this study, the range between
0 and 1 was deemed most appropriate, as the input data contained no negative values.

To optimize the models” hyperparameters (such as the number of neurons in MLPs
or the spread in RBFs), auxiliary routines were implemented to automatically vary these
parameters. Their performance was evaluated using balanced metrics (mean and standard
deviation of R across the training/validation/test sets). The configurations with the best
metrics (MSE and R) were replicated in the final models. The specific simulation parameters
for each trained machine learning architecture (MLP-logsig, MLP-tansig, RBF, Hybrid
RBF + MLP, Random Forest, and ANFIS) are de-tailed in Tables S1-56 (Supplement 1).
The trained weights were then saved for later integration with the Genetic Algorithm
(GA), enabling the GA to utilize the relationships learned by the network to optimize the
process variables.

2.4. Network Architectures
2.4.1. Multilayer Perceptron (MLP)

The Multilayer Perceptron (MLP) is a type of feedforward artificial neural network
composed of layers of neurons. These networks contain a hidden layer situated between
the input and output, enabling the extraction of more sophisticated features. They are used
for classification, regression, and pattern recognition problems [27]. This study utilizes a
two-layer Feedforward Neural Network with either logsig (log-sigmoid) or tansig (tan-
sigmoid) hidden neurons and linear output neurons. The nftool function in MATLAB was
used for its implementation. For network training, the data were randomly divided into
three groups: training (70%), testing (15%), and validation (15%). This MLP was trained
using the Levenberg—-Marquardt algorithm to accelerate model convergence.

2.4.2. Radial Basis Function Networks (RBF)

Radial Basis Function Networks (RBFs) are a type of compact neural network with a
high convergence rate, functioning as a system that compares new information to previously
known examples [28]. This approach allows the model to be applied to different tasks,
such as classification, regression, and linear interpolation, depending on the chosen loss
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function [29]. In this study, the RBF architecture consists of two layers: hidden neurons
with a Gaussian activation function (Equation (2)) and linear output neurons.

1) —oxp(— 910 @
] p 2‘71.2

where:

x: Input vector of the neural network.

¢j: Center of the Gaussian function for the j-th hidden layer neuron.

||x—cj||: Euclidean distance between the input vector and the RBF center.

0j: Smoothness adjustment factor (“spread”) of the Gaussian function.

The data were divided into two groups: 70% for training and 30% for testing. In
MATLAB, the network is defined using the newrb function. This function trains the RBF
by progressively adding hidden neurons; at each iteration, it selects the sample with the
highest prediction error and defines a new RBF center at that sample, adjusting the output
layer weights based on the neurons already added. The stopping criterion is met when the
network error falls below the tolerance value (goal = 0.001) or when the maximum number
of neurons is reached (maxNeurons = 40).

2.4.3. Hybrid Network

The hybrid model integrates a Radial Basis Function (RBF) layer (Gaussian function)
with a Multilayer Perceptron (MLP) layer (log-sigmoid function) in series. This architecture
combines the local sensitivity of the RBF with the generalization capability of the MLP to
enhance predictive performance. The network’s operation is illustrated in the flowchart of
Figure 2.

Data preprocessing RBF network training Using RBF to transform all data
(normalization, cleaning)

Hybrid model evaluation MLP training using RBF outputs
Figure 2. Hybrid Network diagram.

2.4.4. Random Forest

Random Forest is not a neural network; this ensemble learning algorithm combines
multiple random decision trees to improve model accuracy and robustness. The algorithm
has been primarily used for classification, prediction, and regression problems [30]. Each
tree is trained on a random subset of the data and a random subset of input variables. The
final prediction is the average (for regression) or the majority vote (for classification) of
the results from the individual trees [31]. The model training in this article is based on a
combined process of random sampling and iterative evaluation, utilizing cross-validation
(K-Fold with K = 5) to ensure robustness. Key parameter combinations were tested to find
the optimal indicators:
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Number of trees in the forest (TreeBagger parameter): 50 to 500;
Minimum number of observations per leaf (MinLeafSize parameter): 1 to 10;
Maximum number of splits per tree (MaxNumSplits parameter): 10 to 100;

Number of features evaluated at each split (NumPredictorsToSample parameter): 1 to 10.

The use of MATLAB's TreeBagger function allows for control over details such as the
randomization of input variables (NumPredictorsToSample) and tree complexity (MinLeaf-
Size and MaxNumSplits).

2.4.5. Adaptive Neuro-Fuzzy Inference System (ANFIS)

The Adaptive Neuro-Fuzzy Inference System (ANFIS) is a hybrid system that combines
artificial neural networks and fuzzy logic. This model thus integrates the learning capability
of neural networks with the easily interpretable reasoning of fuzzy logic. It is frequently
used for regression, prediction, and optimization problems [32]. In this study, the network
is generated by genfis using Subtractive Clustering, a MATLAB tool that automatically
defines the number of fuzzy rules and membership functions by analyzing data density.
The ClusterInfluenceRange parameter controls the sensitivity to cluster formation [33].
For algorithm optimization, Gradient Descent and Least Squares Estimation are used. To
ensure the robustness of the standard ANFIS model, stratified validation (70% training/30%
validation) was implemented. This approach enables a more comprehensive evaluation of
the model’s generalization behavior by comparing the training and validation R coefficients.

2.5. Performance Indicators

Performance indicators are used to evaluate the performance of the algorithms, aiming
to assess the model’s generalization capability. These are essential for identifying the
presence of overfitting and underfitting. The present work utilized: Mean Absolute Error
(MAE), Mean Squared Error (MSE), Correlation Coefficient (R), Root Mean Squared Error
(RMSE), Regression Plot, and Performance Plot. Equation (3) represents MAE, Equation (4)
represents MSE, and Equation (5) represents RMSE [34].

MAE — Wi = ¥p) 3
n
= (yi — )’
MSE = — (4)
=(yi —yp)°
RMSE = — )

where:

n: number of samples,

y;: actual value,

Yp: predicted value.

The Regression Plot identifies the relationship between the actual values and the
values predicted by the models, showing how closely the model approximated the actual
results. The Performance Plot, on the other hand, indicates the evolution of the error during
the training process, allowing us to identify whether the model is learning correctly, has
stopped improving, or is suffering from overfitting.

2.6. Optimization Model: Genetic Algorithm

The genetic algorithm was implemented to promote process optimization, being
responsible for predicting the ideal conditions for alkaline or acid homogeneous transes-
terification parameters aiming for a yield close to 100%. This is an algorithm inspired by
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Define the
Desired Yield

biological evolution and the theory of natural selection. Lambora et al. (2019) indicate this
as an important optimization tool, capable of solving complex problems with or without
constraints [35]. In this work, the GA is employed in a reverse optimization strategy. While
conventional modeling predicts the yield from given inputs, our approach inverts this
logic: we define the target yield and use the GA to find the input parameters that achieve it.
the trained ml models (MLP-tansig, RBF, hybrid MLP + RBF, Random Forest, and ANFIS)
were saved and integrated with a customized and optimized genetic algorithm (GA) to

maximize biodiesel yield, as represented in the process flowchart (Figure 3).

Select the
Forward
Model

Initialize
Population

Set GA
Parameters

Evaluate
Fitness

Crossover/.
Mutation

Selection Elitism

Generations
Converged?

Convert Best
Chromosome to
Real Values

Display Results

Figure 3. Genetic Algorithm Flowchart.

The GA operates with each chromosome encoding variables such as molar ratio,
temperature, reaction time, and catalyst type (one-hot encoding for categories). The fitness
function evaluates the yield predicted by the model and applies penalties for values outside
the desired range (90-100%). The algorithm employs roulette wheel selection, crossover
with one-hot correction, and adaptive mutation (Gaussian for continuous variables and
binary swap for categories), in addition to elitism to preserve the best solution. Convergence
is monitored across generations, with final results converted back to the original data scales.
Population size, number of generations, crossover rate, and mutation rate were varied to
seek the most coherent results with the literature and closest to the desired outcome. This
approach was replicated for all models, ensuring a fair comparison between architectures.

3. Results
3.1. Model Comparison

The MLP-logsig, MLP-tansig, RBF, RBF + MLP, Random Forest, and ANFIS models
were individually trained, testing various basic parameters of each model. The variation of
parameters allowed finding the best performance indicators, namely, correlation coefficient
(R) closest to 1 (for a positive correlation), mean squared error (MSE) closest to 0 (to
minimize absolute errors), RMSE with minimized values (to reduce deviations in FAME
yield) and a Mean Absolute Error (MAE) also close to 0, ensuring a robust assessment of
the models’ average accuracy.

In the MLP neural network, both with the logistic sigmoid and hyperbolic tangent
activation functions, the number of neurons in the hidden layer was adjusted. In turn, in
the RBF network, the spread parameter was optimized, a factor that defines the width of
the radial basis function. The hybrid model alternates between different neurons in the
Multilayer Perceptron hidden layer and spreads in the Radial Basis Function Networks. The
RF model has several parameters that can be varied: number of trees in the forest; minimum
observations per leaf; maximum splits per tree; and features evaluated at each split. In
ANFIS, since Cluster Influence Range was applied, only this parameter and the number of
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epochs were optimized. To ensure reproducibility, the Random Number Generator (RNG)
was defined for all codes and was also varied, generating diverse results.

After performing several simulations, the results of the performance metrics will be
analyzed. It is important to emphasize that RBF and RF do not present validation data
due to the characteristics of their algorithms. In contrast, ANFIS inherently requires only
training in its base characteristics, with validation being employed for better evaluation.

Figure 4 presents a comparative analysis of the RMSE values in absolute units (%),
allowing a direct quantitative assessment of the model. The RMSE on a real scale indicates
the average percentage error in the model. For example, for an expected yield of 80%, the
RF model would demonstrate an error of +11.55%, generating predictions in the range of
68.5% to 91.5%, making it unviable for process control.
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Figure 4. Model Performance in Terms of RMSE (%).

The MLP-logsig and ANFIS models exhibit validation/test error approximately
50% higher than training, highlighting the need for adjustments and adaptations for
these models. The hybrid model (RBF + MLP) displays excellent training performance
but the second-worst test value (+£6.50%) compared to the others. The model that showed
the best test results was MLP-tansig, indicating that its predictions are, on average, only
£3.03% away from the actual FAME yield value.

The other performance metrics (R and MSE) are analyzed in Figures 5 and 6, respec-
tively, highlighting the most significant values obtained for each model configuration and
parameters evaluated.
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ANFIS
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RBF+MLP

RBF

MLP-logsig
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Figure 5. Model Performance in Terms of R Coefficient.
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Figure 6. Model Performance in Terms of MSE.

It can be observed that the Random Forest recorded the lowest training R value,
indicating a lower ability to interpret the relationship between generated and actual values,
being inferior to the other models. In testing, RF showed a lower test R value than training,
suggesting a decline in generalization capability. The MSE values are also slightly higher
than the others, indicating that this model lacks good precision for predicting the data. This
is a clear sign of underfitting.

The hybrid network (RBF + MLP) exhibits excellent training performance with
R_train = 0.9932, superior to all other models. However, the discrepancy with the test R
value of 0.9504 indicates that the network cannot transfer its learning efficiently, indicative
of overfitting.

The other algorithms demonstrate excellent R indices for training, testing, and vali-
dation, with values close to 1, revealing strong correlation and good generalization. The
mean squared errors were consistently low.
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Given the excellent indicators, identifying the network with the best performance—
capable of combining consistency, generalization, and resistance to overfitting and
underfitting—poses a challenge. The MLP-logsig, MLP-tansig, RBEF, and ANFIS algo-
rithms exhibit strong positive correlation during training. The MLP-tansig recorded R
values above 0.98 in both training and validation. In contrast, MLP-logsig and ANFIS,
despite excellent training performance (R > 0.98), showed slightly lower R values in valida-
tion (<0.98). As for RBEF, due to its architecture, it does not include validation, making it
necessary to compare its test R value with that of MLP-tansig. Although they demonstrated
similar test performance, MLP-tansig was chosen due to its: slightly superior training
performance (training R 0.0030 higher), better stability across datasets, and lower test MSE.

The MAE results, presented in Figure 7, indicate the superiority of the MLP-tansig
model, which exhibited the lowest mean absolute errors across all datasets: training (0.019),
validation (0.031), and test (0.020). This signifies that, on average, the model’s predictions
deviate by only approximately 1.9% to 3.1% from the actual FAME value, confirming its preci-
sion and robustness. The RBF and ANFIS models demonstrated intermediate performance,
consistent with previous analyses. Finally, the Random Forest model recorded the highest
MAE values in both training (0.064) and testing (0.075), a strong indicator of underfitting.

0.075

0.064
0.046 il
0.031 0.030
0.024

0.023 0.022
0.019 0.020
I I I I I

RBF

MPL-TANSIG MPL +RBF Random Forest ANFIS

M Train W Validation m Test

Figure 7. Model Performance in Terms of MAE.

In summary, the integrated analysis of the R, RMSE, MSE, and MAE metrics identified
the MLP-tansig model as the most efficient, exhibiting a high correlation (R > 0.98) and the
lowest absolute errors (MAE ~ 2-3%, RMSE = 3.03%), demonstrating superior accuracy
and robustness. The RBF network established itself as the second-best option, with performance
very close to MLP-tansig on the test data, albeit with slight inferiority in stability across datasets
and in the MSE. The remaining models, despite showing good indicators in some aspects, were
discarded due to issues of overfitting (RBF + MLP) or underfitting (Random Forest).

3.2. Best-Performing Network in the Training Phase

As discussed in the previous section, the Multilayer Perceptron network with a hy-
perbolic tangent activation function and linear output demonstrated the best performance
indicators. Figure 8 shows a representation of this network’s architecture with 19 neurons
in the hidden layer.
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Hidden Layer
Input Layer (19 neurons) Output Layer

)

Catalyst type

Alcohol/Oil Molar Ratio

Catalyst Concentration Yield

Temperature

Reaction Time

Stirring Speed

Figure 8. Multilayer Perceptron tansig Network Architecture.

The performance plot, Figure 9, shows the best validation performance at epoch 15,
with an MSE of 0.0020936. It can be stated that the training was successful, stopping at the
appropriate time, indicating good generalization capability of the model.

ot Best Validation Performance is 0.0020936 at epoch 15
1 4

s Train
Validation

Mean Squared Error (mse)

0 2 4 6 8 10 12 14 16 18 20
21 Epochs

Figure 9. Performance Plot for Multilayer Perceptron tansig.

Figure 10 presents the regression plots between the actual and predicted values for
the training, validation, test, and complete sets. The plot shows nearly perfect linear
correlations across all sets, along with excellent consistency between training data and
unseen data. The high correlation values (R > 0.98) in all cases indicate the robustness and
generalization capability of the proposed model, with no signs of overfitting.
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Figure 10. Regression plots for MLP-tansig: (a) Training; (b) Validation; (c) Test; (d) AlL

3.3. Applying the GA

After identifying the best configurations for each model and determining which one
performs the best, the genetic algorithm is applied in conjunction with the already trained
model. In this stage, the desired yield has already been defined as 90-100% (FAME).

Next, the boundaries of the input variables (the same as described in Table 1) are defined,
always considering the evaluation of both acid and basic homogeneous transesterification.

To enable a comparison between the results generated by the different GA parameters,
the following parameters were varied: population size, number of generations, crossover
rate, and mutation rate. The output is expected to indicate the catalyst type with the best
performance and the most satisfactory operational variables.

Although the MLP-tansig network demonstrated excellent performance during train-
ing, its combination with the GA did not yield adequate results. Specifically, for the same
genetic parameters presented in Figure 11, the MLP-tansig model suggested a reaction time
of 281.93 min and a catalyst concentration of 2.35%—values significantly higher than those
typically reported in the literature for this type of reaction. in contrast, the RBF generated
more coherent and feasible values, aligned with the operational conditions usually em-
ployed. As discussed in Section 3.1, the RBF also achieved excellent results, ranking as the
second-best during training.
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Figure 11. Diagram: Result of the RBF + GA Analysis.

In Figure 11, presents the RBF + GA analysis results diagram, highlighting the RBF
network parameters along with its correlation coefficients (R) for training and testing, and
the Genetic Algorithm configuration. The genetic parameters were defined to balance
computational efficiency and solution search comprehensiveness: a crossover rate of 60%
for efficient recombination of promising solutions, and a mutation rate of 10% to preserve
population diversity. This configuration aims to ensure stable and rapid convergence during
optimization. The application of this strategy yielded the following optimal operating conditions.

4. Discussion

In order to better analyze the model’s consistency with data from other articles, scatter
plots (Figures 12 and 13) were used to compare the optimal operational conditions found
by the model (red point) and the process variables that achieved the highest yield in each
scientific article (blue points).

The genetic algorithm indicates homogeneous basic catalyst as the best alternative
for biodiesel production from castor oil. This prediction aligns with the literature, which
recognizes that it is generally more efficient and cheaper than acid catalysts [36]. Basic
catalysts accelerate the reaction approximately 4000 times more than acid catalysts, such as
hydrochloric acid (HCI) [37]. This significant kinetic difference explains the rare adoption
of acid catalysts in industrial biodiesel production processes.

In Figure 12, it can be observed that (a) temperature, (b) catalyst concentration, and
(c) time are all within the range of the literature data. The model’s temperature was
50 °C, while the average across the 26 articles in the graph was 54.7 °C. However, Akhabue
and Okwundu (2017) observed that temperatures above 50 °C reduce FAME yield due
to methanol evaporation [38]. Furthermore, excessively high temperatures can promote
parallel saponification reactions, which actively consume both triglycerides and catalyst,
consequently leading to a decrease in biodiesel conversion yield [14]. The optimal catalyst
concentration assigned by the model is 1.13%, while the average across the 26 articles is
1.19%, a difference of 0.06%. Elevated concentrations of basic catalysts adversely affect
the main transesterification reaction, promoting the formation of byproducts such as soap
and water [39]. Thus, the model’s value falls within acceptable limits to promote reaction
acceleration without compromising time and yield through parallel reactions.
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Figure 12. Comparison between the model (RBF + GA) and data reported in the literature: (a) Trans-
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(c) Reaction Time (min) [25,38-65]. Caption: 4 Optimization generated by the model; e Values found in
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Figure 13. Comparison between the model (RBF + GA) and data reported in the literature: (a) Stirring
Speed (rpm) [25,40,41,44,46,47,51-53,59,60] and (b) Alcohol/Oil Molar Ratio [25,38-43,45-52,55-65].
Caption: 4 Optimization generated by the model; e Values found in the literature.

Regarding reaction time, data from 29 studies were collected. The reaction time of
70 min, considered ideal by the model, falls within the dispersion range of the literature
data, validating its coherence. The wide dispersion of the blue points suggests there is
no clear consensus regarding the optimal reaction time. When analyzing the studies by
Masango et al. (2024) and Elango et al. (2019), both focusing on the optimization of homoge-
neous transesterification of castor oil, a divergence is observed [39,40]. Masango et al. (2024)
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state that the reaction reached its steady state after 90 min [39]. In contrast, Elango et al.
(2019) report the optimal FAME yield at a reaction time of 60 min. The divergence between
the studies may reflect distinct experimental conditions [40]. Mohiddin et al. (2021) em-
phasize that a short reaction time may result in inadequate dispersion of the feedstock and
alcohol. Conversely, an excessively long reaction time maintains the system at equilibrium,
favoring the occurrence of reverse reactions, such as ester hydrolysis and saponification,
due to the reversible nature of the transesterification reaction. At the optimal reaction
time, triglycerides are sequentially converted into diglycerides and monoglycerides—key
intermediates that, when present at adequate concentrations, accelerate the formation of
methyl esters (biodiesel). Therefore, this progressive accumulation of reactive intermediates
shifts the chemical equilibrium towards the desired product [13].

Stirring speed is an important parameter for maximizing FAME yield, as it promotes
efficient particle collision and diffusion within the reaction mixture. This agitation effect
contributes to reducing the reaction time and increasing biodiesel conversion [12]. However,
beyond a certain agitation speed, no significant yield improvement is observed, as the
optimal speed varies depending on the specific feedstock. In the present work, the stirring
speed (Figure 13a) was analyzed by comparing 13 articles, a smaller number than the
other variables, as it is a parameter less frequently cited numerically, yet important for the
process. The red point (model) falls within the dispersion of the data, indicating conformity
with the literature, for an optimal rotational speed of 548.32 rpm.

It is well-established that the alcohol-to-oil molar ratio also strongly influences
biodiesel yield. To promote the transesterification reaction, the stoichiometric ratio re-
quires an excess of alcohol in a minimum proportion of 3:1 [14]. According to Le Chatelier’s
principle, the rate of product formation increases with higher reactant concentrations; that
is, biodiesel formation tends to be favored by a higher alcohol concentration [12]. In the
scatter plot of the alcohol-to-oil molar ratio (Figure 13b), it can be observed that, among all
the variables analyzed, the optimal condition identified by the model for this parameter
was the only one divergent from the central tendency region of the points. However, Yue
et al. (2018), a study evaluating 156 secondary experimental datasets on castor oil biodiesel,
suggests a prediction range of 6:1 to 25:1 [22]. Thus, the model’s prediction of 19.35:1 falls
within this range.

In summary, the present work aligns with contemporary biodiesel research, which
has demonstrated a growing and diverse application of computational methodologies for
process optimization. For instance, Jin et al. (2023) investigated the performance of four
algorithms (kNN, SVM, AdaBoost, and Random Forest Regression) in predicting biodiesel
yield via transesterification. Their results demonstrated that the Random Forest Regression
model was the most suitable, exhibiting RMSE values of 2.778 for training and 5.178 for
validation, and showing superior predictive accuracy among the compared models [66].
These performance metrics are comparable in robustness to those obtained and employed
in our study, thereby reinforcing the coherence and reliability of predictive approaches in
this field.

This study distinguishes itself by conducting a comprehensive comparative analysis
of six machine learning architectures—MLP-logsig, MLP-tansig, RBF, hybrid MLP + RBE,
Random Forest, and ANFIS—specifically for modeling the transesterification of castor oil.
Furthermore, combining machine learning models with GA for reverse optimization of
operational conditions represents a significant contribution. While numerous previous
studies focused solely on yield prediction, this work advances the field by inverting
the traditional logic, using the desired yield as input to determine the optimal process
parameters [23,66,67].
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Other literature reviews, such as the one by Awogbemi and Von Kallon (2023), high-
light the efficacy of models like Artificial Neural Networks (ANN), Response Surface
Methodology (RSM), and ANFIS, confirming that the use of machine learning can increase
biodiesel yield to levels between 84% and 98% for different feedstocks [68]. The model
proposed in our study aligns with this trend, identifying a theoretical optimum that reaches
a 100% yield. Furthermore, Buasri et al. (2023) demonstrated the application of machine
learning to optimize biodiesel production from waste cooking oil in microwave reactors [69].
Their work reported excellent performance metrics, with a coefficient of determination
(R?) of 0.9988 for the Box-Behnken design (BBD) model and a correlation coefficient (R)
of 0.9994 for the ANN model. These metrics are comparable in magnitude to the high
predictive accuracy achieved in the present study, reinforcing the robustness of advanced
computational approaches in this field.

The performance metrics of average R > 0.98, average MSE of 0.0014, and average
RMSE of 3.63% demonstrate the high accuracy of the MLP-tansig model, validating its
generalization capability without signs of overfitting or underfitting. The agreement
between the optimal conditions predicted by the model and the literature data reinforces
the model’s reliability.

The modeling approach can be extended to other vegetable oils, provided the input
parameters are adjusted accordingly. This flexibility allows for the analysis of biodiesel
production with varying raw material availabilities. In biorefineries, the model could prove
highly valuable by integrating monitoring systems and dynamically adjusting process
conditions to maintain maximum yield.

5. Conclusions

In the present study, approximately 406 labeled datasets of biodiesel production from
alkaline and acid homogeneous transesterification of castor oil under different operational
conditions were extracted from the literature. The MLP-tansig neural network with linear
output and 19 neurons in the hidden layer demonstrated the best training performance,
with average indicators of R > 0.98. The GA optimized the operational conditions, targeting
a theoretical optimum of 100% ester content. The results of the GA combined with the RBF
neural network—yielding the most consistent outcomes—indicated optimal conditions:
alcohol/oil molar ratio of 19.35:1, catalyst concentration of 1.13% (w/w), temperature of
50 °C, reaction time of 70 min, stirring speed of 548.32 rpm, and alkaline catalyst. Valida-
tion with experimental data confirmed the model’s efficacy. Thus, the developed model
demonstrates proven effectiveness in predicting FAME yields from operational conditions
of homogeneous transesterification, establishing reliable quantitative relationships between
process parameters and reaction efficiency. Nevertheless, it is important to acknowledge
that, despite its high predictive performance, the study uses data compiled from multiple
sources, which introduces uncontrolled variability between experiments. Differences in
oil quality, catalyst purity, and operational conditions may generate noise in the data.
Future research should validate the model with standardized experimental datasets to
enhance its accuracy and industrial applicability. Furthermore, we intend to extend this
machine learning approach to model the effects of surfactants and cosolvents as additives
in biodiesel transesterification reactions. Previous studies by Simonelli et al. (2019) and
Mascarenhas et al. (2024) have demonstrated the significant potential of these additives
in optimizing biodiesel production, and their integration with ML-based modeling repre-
sents a promising avenue for improving process efficiency and yield under more complex
reaction systems [70,71].
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