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ARTICLE INFO  The urgent need for environmentally friendly alternative fuels arises from concerns over fossil fuel depletion and 

the harmful effects of exhaust gas emissions. One promising solution involves blending biodiesel with natural 
additives, such as essential oils, to improve combustion efficiency in diesel engines. However, conventional 

engine performance testing is often time-consuming and repetitive, requiring a more efficient approach such as 

predictive modeling using Machine Learning (ML). This study investigates the effect of biodiesel and essential 
oil blend ratios on engine performance and develops predictive models to estimate engine power and torque.  

A total of 1045 experimental data points were collected from tests using varying compositions of biosolar, 

Dexlite, and essential oil additives at different RPMs. The research applied a quantitative method, utilizing 
Linear Regression and Support Vector Machine (SVM) algorithms implemented in RStudio. Model accuracy was 

evaluated using MAE, RMSE, and R² metrics. The results indicate that variations in biodiesel blend ratios and 

essential oil additives had no statistically significant effect on engine performance. However, ML-based predic-
tive modeling proved highly effective. The SVM model achieved superior accuracy, with R² values of 0.993 for 

power and 0.973 for torque. In contrast, the Linear Regression model yielded much lower R² values – 0.671 for 

power and 0.093 for torque. These findings demonstrate the potential of Machine Learning, particularly SVM, 
as a reliable tool for predicting diesel engine performance with biodiesel and additive blends, offering a faster, 

more accurate alternative to conventional testing methods. 
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1. Introduction 
Fossil fuels, such as coal, crude oil, and natural gas, 

have historically been a critical component of the global 

energy infrastructure, accounting for 81% of the world's 

primary energy supply in 2019, according to the Interna-

tional Energy Agency [22]. In Indonesia, fuel oil consump-

tion increased by 3.19% in the third quarter of 2021, reach-

ing 48.59 × 10
6
 m

3
 compared to the same period the previ-

ous year [28]. While these fuels have driven economic 

growth and urban development, their use has led to signifi-

cant environmental issues, primarily the rise in carbon 

dioxide emissions that fuels climate change [27]. This ur-

gency, coupled with the need for energy security, has 

spurred discussions about the future of energy sources. 

Renewable energies like solar, wind, hydro, geothermal, 

and biomass are playing a vital role in this transition, repre-

senting a shift toward sustainable energy production and  

a balanced relationship with the environment [5, 24, 29]. 

As industries remain dependent on power generation 

and society on transportation and fossil fuel-based products, 

the search for alternative energy sources continues. Bio-

diesel, known as fatty acid methyl ester (FAME), has gar-

nered attention as a viable alternative to traditional fuels, 

particularly for transportation, due to its potential to reduce 

greenhouse gas emissions [7]. Biodiesel can reduce carbon 

monoxide (CO) emissions by 8–41% [9]. This renewable 

fuel can be produced from various biological materials, 

including used cooking oil, vegetable seed oils, animal fats, 

and microalgal oil [11]. Importantly, modern diesel engines 

can operate on biodiesel without requiring modifications 

[1]. Researchers recommend using biodiesel as a full or 

partial substitute for petroleum diesel, as it effectively re-

duces exhaust emissions [6, 12]. 

Challenges in the transportation sector include higher 

nitrogen oxide emissions compared to diesel, reduced en-

gine performance in cold weather, sediment deposition that 

can clog storage tanks and fuel lines, and lower fuel densi-

ty, which necessitates greater fuel consumption for equiva-

lent power output [9]. The physicochemical properties of 

biodiesel can vary significantly depending on the feedstock 

and production method, thereby directly affecting its per-

formance in diesel engines [7]. Key properties such as vis-

cosity, density, calorific value, and oxidation stability affect 

combustion efficiency, engine start-up performance, fuel 

consumption, emission characteristics, and long-term relia-

bility [6]. 

In a diesel engine, the combustion process of biodiesel 

influences thermal efficiency, power output, and exhaust 

gas emissions. The higher oxygen content in biodiesel pro-

motes more complete combustion, leading to increased 

Brake Thermal Efficiency (BTE) and effectively reducing 

emissions from four-stroke compression engines, particu-

larly unburned hydrocarbons, carbon monoxide, and nitro-

gen oxides [6]. Therefore, it is essential to consider both the 

physicochemical properties and combustion characteristics 

of biodiesel during engine optimization, and to establish 

accurate predictive models to evaluate its overall perfor-

mance [13]. Determining optimal biodiesel composition 

through experimental methods is time-consuming and la-

bor-intensive. Advances in computational approaches, 

particularly computational fluid dynamics (CFD) and Ma-

chine Learning (ML), enable faster and more reliable pre-

diction of biodiesel properties [1, 7]. These methods pro-
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vide a robust basis for optimizing biodiesel formulations, 

improving efficiency and engine performance [9, 17, 21, 32]. 

The development of predictive models plays a key role 

in improving production efficiency, product quality, scala-

bility, cost, and sustainability in modern industrial applica-

tions [6]. However, their effectiveness depends strongly on 

the selected algorithm and data characteristics. Linear re-

gression offers simplicity and interpretability but is limited 

to linear relationships. Support Vector Machines (SVMs) 

perform well on small to medium datasets and can handle 

non-linear patterns via kernel functions, though they require 

careful parameter tuning. In contrast, Artificial Neural 

Networks (ANNs) are better suited for capturing complex 

non-linear relationships between biodiesel properties and 

engine performance, but they require large datasets and 

higher computational costs [2, 8]. Therefore, the choice of 

model depends on criteria such as data size, nonlinearity, 

interpretability, and computational resources. By selecting 

appropriate methods, Machine Learning models can accu-

rately predict key fuel properties, including calorific value, 

viscosity, and oxidation stability, enabling more efficient 

optimization of biodiesel production [1]. 

2. Experimental 

2.1. Data source and experimental setup 

This study utilized a quantitative approach based on a 

dataset derived from primary experiments. The data was 

sourced from engine performance tests conducted at the 

Engine Performance Laboratory, Department of Mechani-

cal Engineering, Universitas Negeri Semarang, Indonesia. 

The engine specifications are shown in Table 1. In this 

study, the diesel engine is a vehicle engine. The engine's 

fuel system is not naturally aspirated (NA), but rather uses a 

common-rail system, a modern fuel-injection system in 

which diesel fuel is stored in a single high-pressure pipe 

(rail) and distributed electronically to each injector. This 

system allows for more precise injection control, increasing 

efficiency and power while reducing emissions.  

 
Table 1. Diesel engine specifications in vehicles 

Engine model Toyota Diesel 2 KD-FTV 

Engine type 4 stroke, in-line type, 16 valve DOHC 

Cylinder number 4-cylinder 

Injection system Common Rail  

Displacement  2494 cm3 

Bore and stroke 92 mm × 93.8 mm 

Compression ratio 18.5:1 

 

The population for this study consisted of all experi-

mental data on diesel engine performance using biodiesel 

(biosolar and Dexlite) fuel blends and an essential oil addi-

tive. The fuel was mixed in a stationary-bed reactor at 300 

rpm and 60°C for 30 minutes. The fuel mixture is used in 

the vehicle and then tested for performance, namely, torque 

and power, on a chassis dynamometer. 

A total of 1045 data samples were selected for the anal-

ysis using purposive sampling. The selection criteria re-

quired the data to include parameters for rpm-engine power 

and rpm-torque. Data analysis using R Studio. The research 

variables were defined as follows: 

 Independent Variables: The primary independent varia-

bles were fuel process, consisting of ten biodiesel–

Dexlite blend ratios with and without essential oil addi-

tives. The 10 fuel blend variations used in the experi-

ments are detailed in Table 2. The table shows the fuel 

used to collect engine performance data. A total of 

1,045 data points were collected from performance 

tests, including rpm and engine power. Density testing 

uses the ASTM D1298 standard, and viscosity testing 

uses the ASTM D445 standard 

 Dependent Variables: The dependent variables were the 

key engine performance metrics: torque [Nm] and pow-

er [kW] 

 Control Variables: To ensure consistency across exper-

iments, the test engine, engine speed [rpm], and engine 

load were held constant. 

 
Table 2. Composition of experimental fuel blends 

Blend 

No. 

Biodiesel 

[%] 

Dexlite 

[%] 

Essential oil 

additive [%] 
Density 

[kg/m3] 

Viscosity 

[cSt] 

1 90 10 0.015 922.7 5.035 

2 80 20 0.015 930.7 4.934 

3 70 30 0.015 925.3 4.755 

4 60 40 0.015 928 4.425 

5 50 50 0.015 926.7 4.336 

6 90 10 0 934.7 5.328 

7 80 20 0 932.7 5.341 

8 70 30 0 930.7 5.328 

9 60 40 0 928 5.226 

10 50 50 0 926.7 5.022 

2.2. Machine learning approach 

A predictive modeling workflow was designed to esti-

mate engine performance based on the fuel composition. 

The procedure involved data preprocessing, model training, 

and evaluation. To provide a clearer overview of the re-

search workflow, a flowchart is presented in Fig. 1. The 

raw experimental dataset underwent several preprocessing 

steps to prepare it for Machine Learning analysis. This 

included data cleaning to handle any incomplete or irrele-

vant entries and normalization to scale the numerical fea-

tures to a uniform range. The dataset was then partitioned 

into 75% for training and 25% for testing and validation.  

To guarantee that the visualization accurately and dis-

tortion-free depicts the experimental results, the labels and 

data representation were kept clear. Repeated measure-

ments were used to ensure the dataset's reliability; each test 

was performed three times under carefully controlled opera-

tional conditions to ensure consistency. The alignment of 

the observed trends with recognized engine performance 

metrics further supports the data's veracity. The non-linear 

relationship between input parameters (fuel mix ratio, en-

gine speed, and additive condition) and output performance 

(power and torque) was modeled using support vector re-

gression (SVR). The model's efficacy in precisely estimat-

ing engine performance was confirmed by evaluating its 

prediction performance using RMSE, MAE, and R
2
. 
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Fig. 1. Machine learning workflow for engine performance prediction 

2.3. Support vector regression (SVR) model 

A supervised learning approach called Support Vector 

Regression (SVR) applies Support Vector Machines to 

regression issues. Finding a function f(x) that minimizes 

model complexity while approximating the target values 

within a given tolerance level – defined by the ε-insensitive 

loss function – is the goal of SVR. By defining a tolerance 

margin in which errors are not penalized, the parameter ε 

enables the model to ignore minor deviations and thereby 

improve generalization. 

The fundamental goal is to find a regression function 

that is as flat as possible. For non-linear data, this function 

takes the form: 

 f(x) =  wTx +  b (1) 

Here, wT represents the weight vector, b is the bias 

term, and x is a non-linear function that maps the input 

features, x, into a higher-dimensional space where the rela-

tionship may become linear. Instead of solving for w direct-

ly in the high-dimensional space, SVR solves a more man-

ageable convex optimization problem known as the dual 

problem. This is achieved using Lagrange multipliers, 

where the goal is to maximize the following objective func-

tion, L, with respect to the Lagrange multipliers αi and αi
∗:  

 L = −
1

2
∑ ∑ (αi − αi

∗)(αj − αj
∗)K(xi, xj)

N
j=1

N
i=1 −

                  ε ∑ (αi + αi
∗)N

i=1 + ∑ yi(αi − αi
∗)N

i=1  (2) 

This maximization is performed under the following 

constraints: 

 ∑ (αi − αi
∗)N

i=1 = 0    (3) 

where, 0 ≤ αi, αi
∗ ≤ C, and  for i = 1, … , N .  In this formu-

lation, C is a user-defined hyperparameter that controls the 

penalty for data points that lie outside the ϵ − tube, balanc-

ing model complexity against prediction error. 

The term K(xi, xj) represents the Kernel function, a cru-

cial component that calculates the similarity or inner prod-

uct between two data points, xi and xj, in the higher-

dimensional space without explicitly computing the trans-

formation x. This study utilized the Radial Basis Function 

(RBF) kernel, which is defined as: 

 K(xi, xj) = exp (−γ‖xi − xj‖
2

) (4) 

Here, γ is a kernel hyperparameter that defines the in-

fluence of a single training example. After solving the op-

timization problem, the data points for which the corre-

sponding Lagrange multipliers (αi or αi
∗) are non-zero and 

are designated as Support Vectors (SV). These are the only 

data points that contribute to the final model and define the 

boundaries of the regression function. 

Once the non-zero Lagrange multipliers are found, the 

bias term, b, can be determined. This is achieved by select-

ing a Support Vector, xk, that lies on the boundary of the 

ϵ − tube (i.e., its corresponding multiplier satisfies 

0 < αk < C) and solving for b using the following relation-

ship:  

 b = yk − ∑ (αi − αi
∗)K(xi, xk)i∈SVs ±         (5) 

The choice of using +𝜖 𝑜𝑟 − 𝜖 depends on whether the 

support vector lies on the upper or lower boundary of the 

margin. 

With the Support Vectors, their corresponding weights 

(αi − αi
∗), and the bias term (b) is determined, the model is 

complete. The prediction for a new, unseen data point, 

xnew, is then calculated using the final SVR function: 

 f(xnew) = ∑ (αi − αi
∗)K(xi, xnew)i∈SVs + b (6) 

This function generates a prediction by computing  

a weighted sum of the similarities (as defined by the kernel 

function) between the new data point and each established 

Support Vector. 

2.4. Linear regression model 

Linear regression is a fundamental statistical and ma-

chine learning algorithm used to model the relationship 

between a dependent variable and one or more independent 

variables. In this study, Multiple Linear Regression (MLR) 

was employed as a baseline model to predict engine per-

formance. The core assumption of MLR is that there is  

a linear relationship between the input features and the 

output variable. The following equation represents the 

mathematical model for Multiple Linear Regression: 

 Y = β0 + β1X1 + β2X2 + ⋯ + βpXp +  ϵ    (7) 

where: Y is the dependent (target) variable, representing 

either engine power or torque; X1, X2, . . . , Xp are the inde-

pendent (predictor) variables, which include fuel composi-

tion and engine speed (RPM); β0 is the intercept, represent-

ing the predicted value of Y when all predictor variables are 

zero; β1, β2, . . . , βp are the regression coefficients, each 

coefficient βj represents the expected change in Y for a one-

unit change in the corresponding predictor Xj, while hold-

ing all other predictors constant; ϵ is the model's error term, 

which captures the random variation in Y that cannot be 

explained by the linear relationship with the predictors. 

The primary goal during the model training phase is  

to estimate the optimal values for the coefficients 
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(β0, β1, . . . , βp). This is typically achieved using the Ordi-

nary Least Squares method. OLS works by finding the 

coefficients that minimize the sum of the squared differ-

ences between the observed actual values (yi) and the val-

ues predicted by the model (ŷi). This is also known as min-

imizing the Residual Sum of Squares (RSS): 

Minimize RSS = ∑ (yi − yî)
2n

i=1 = ∑ (yi −n
i=1

                          (β0 + β1xi1 + ⋯ + βpxip))
2

 (8) 

Once the optimal coefficients (β̂0, β̂1, . . . , β̂p) have been 

estimated from the training data, the model can be used to 

predict new data. The prediction function is simply the 

regression equation without the error term: 

 Ŷ = β0̂ + β1̂X1 + β2̂X2 + ⋯ + βp̂Xp (9) 

While computationally simple and highly interpretable, 

Linear Regression's performance is fundamentally limited 

by its core assumption of linearity. It is best suited for prob-

lems where the underlying relationship between inputs and 

outputs is indeed linear. 

2.5. Model evaluation 

The performance of the trained models was assessed us-

ing K-Fold cross-validation to ensure generalization and 

prevent overfitting. The predictive accuracy of the Linear 

Regression and SVM models was quantitatively compared 

using the following standard regression metrics: 

 Mean Absolute Error (MAE): Measures the average 

absolute difference between the predicted and actual 

values 

 MAE =
1

N
∑ |yi − yî|

N
i=1  (10) 

 Root Mean Squared Error (RMSE): Represents the 

square root of the average of squared differences, 

providing an error measure in the same units as the tar-

get variable 

 RMSE = √
1

𝑛
∑ (𝑦𝑖 − 𝑦𝑖̂)

2𝑛
𝑖=1  (11) 

 R-Squared (R²): Indicates the proportion of the variance 

in the dependent variable that is predictable from the in-

dependent variables 

 R2 = 1 −
∑(yi−yî)2

∑(yi−y̅)2  (12) 

3. Results 

This section presents the performance evaluation of the 

linear regression and support vector machine (SVM) mod-

els for predicting engine power and torque. The analysis 

includes a quantitative comparison using standard metrics, 

a visual inspection of predictive accuracy, and a discussion 

of the results in the context of existing literature. The re-

sults of the engine performance test are shown in Fig. 2. 

The graphs and data show that engine power increases with 

increasing revs from 2000 to approximately 5000 rpm, then 

decreases at higher revs (≥ 5200 rpm) for all fuel variations. 

Lowest power occurs at 2000 rpm, while maximum power 

is in the range of 66 to 70 kW, with variations 6 to 10 gen-

erally producing higher power than variations 1 to 5 across 

most of the rev range. 

a) 

 

b) 

 

Fig. 2. Engine power trends with rising engine speed for various fuel 

 blends: (a) blends 1–5; (b) blends 6–10 

3.1. Statistical analysis of fuel blend effects 

To assess the impact of fuel composition on engine per-

formance, a series of nonparametric statistical tests was 

conducted. Assumption tests, including the Shapiro-Wilk 

test for normality and Levene's test for homogeneity of 

variances, were performed first to determine the appropriate 

inferential tests. The data for both power and torque were 

found not to be normally distributed (p > 0.001), necessitat-

ing the use of nonparametric methods. A summary of the 

key statistical test results is provided in Table 3. 

The Wilcoxon rank-sum test confirmed these observa-

tions, yielding p-values of 0.732 for power and 0.840 for 

torque, both well above the 0.05 significance threshold. 

Furthermore, the calculated effect sizes were negligible for 

both power (Cohen's d = –0.016) and torque (Cohen's d = 

0.002), indicating that the additive's practical impact was 

insignificant. The boxplot visualizations in Fig. 3 and Fig. 4 

further illustrate the similarity in data distribution between 

the two groups, supporting the statistical findings. 
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Table 3. Summary of statistical test results 

Analysis Variable Test p-value Finding 

Additive Effect Power (BHP) Wilcoxon 0.732 Not Significant 

Torque (Nm) Wilcoxon 0.840 Not Significant 

Blend Ratio Effect Power (BHP) Kruskal-Wallis 0.782 Not Significant 

Torque (Nm) Kruskal-Wallis 0.0504 Not Significant 

 

a) b) 

        

Fig. 3. Statistical comparison of engine performance parameters, showing mean power (a) and torque (b) with standard deviation for fuel blends under 

 additive and non-additive conditions 
 

a) b) 

       

Fig. 4. Statistical distribution of engine performance parameters, showing boxplot comparisons of power (a) and torque (b) across fuel blend ratios under 

 additive and non-additive conditions 

 

This lack of a significant effect aligns with previous re-

search. For example, [3] noted that the addition of essential 

oils to biodiesel does not consistently improve diesel engine 

performance across all conditions. Similarly, [4, 19, 20], 

stated that the effectiveness of essential oil bio-additives is 

highly dependent on the dosage and their compatibility with 

the base fuel. The findings are also consistent with [14, 25], 

who argued that many additives have a more pronounced 

effect on thermal efficiency and emissivity than on primary 

performance metrics such as power and torque. 

The influence of varying the biodiesel-dexlite blend ratio 

was also found to be not statistically significant. The Krus-

kal-Wallis test yielded a p-value of 0.782, indicating no sig-

nificant differences among the five blend ratios. For torque, 

the test yielded a p-value of 0.0504, which is marginally 

significant. While this borderline result might suggest a sub-

tle trend, it is not statistically strong enough to reject the null 

hypothesis at a 95% confidence level. The boxplots in Fig. 4 

and Fig. 5, which detail performance by ratio, visually sup-

port these findings. No clear trend or significant difference in 

the distribution of power or torque is observable across the 

different blend ratios. These results are consistent with prior 

studies [18, 26]. Both found that variations in biodiesel blend 

ratios (from B20 to B100) often lead to minor, inconsistent 

fluctuations in power that are not statistically significant. 

Likewise [15] observed no significant power trend when 

testing various corn biodiesel blends. 
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Across various fuel blend percentages, the boxplots show 

non-linear trends, variability, and outliers. Support Vector 

Regression (SVR), which is ideal for handling data variabil-

ity and modeling non-linear relationships, is justified by 

these features. The significance of adding an additive as  

a crucial input parameter in the predictive model is further 

shown by the substantial difference between additive and 

non-additive situations. In this situation, the figure is a cru-

cial exploratory data analysis tool for identifying influential 

variables, analyzing data distributions, and assessing whether 

SVR is appropriate for modeling. It supports the creation of  

a reliable SVR model for precise diesel engine performance 

prediction by providing a basic understanding of the relation-

ships between input variables (fuel mix ratio and additive) 

and output responses (torque and power). 

3.2. Model performance evaluation 

The predictive accuracy of each model was evaluated on 

the test dataset using Mean Absolute Error (MAE), Root 

Mean Squared Error (RMSE), and the coefficient of deter-

mination (R²). To predict the two distinct engine perfor-

mance parameters, separate models were trained for each 

target output. A summary of the evaluation metrics is pre-

sented in Table 4. 

The results clearly indicate that the SVM model signifi-

cantly outperformed the Linear Regression model for both 

prediction tasks. The SVM model demonstrated superior 

performance, with an MAE of 1.119 and an RMSE of 

1.490, approximately 7–8 times lower than the errors from 

the Linear Regression model. Critically, the SVM achieved 

an R² of 0.993, indicating that it can explain 99.3% of the 

variance in the engine power data. In contrast, the Linear 

Regression model's R² of 0.671 suggests a much weaker fit, 

explaining only 67.1% of the variance. For Torque Predic-

tion: The performance gap between the models was even 

more pronounced. The SVM model yielded an R² of 0.974, 

whereas the Linear Regression model yielded an R² of 

0.093. This extremely low R² value indicates that the linear 

model almost completely failed to capture the underlying 

patterns in the torque data. 

3.3. Visual analysis of predictive accuracy 

To further interpret the models' performance, the pre-

dicted values were plotted against the actual experimental 

values. In these plots, the dashed diagonal line (y = x) 

represents a perfect prediction. The visual results, shown in 

Fig. 5 and Fig. 6, corroborate the findings from the evalua-

tion metrics. The SVM predictions for both power and 

torque show data points tightly clustered around the identity 

line, confirming high accuracy across the entire range of 

values. Conversely, the Linear Regression plots exhibit 

significant deviations. For power prediction, the points 

form a curved pattern that deviates from the diagonal, indi-

cating the model's inability to capture the nonlinearity. For 

torque prediction (Fig. 9), the model fails, with predictions 

scattered far from the ideal line, consistent with its near-

zero R² value. 

The significant outperformance of the SVM model can 

be attributed to its ability to handle complex, non-linear 

relationships via the Radial Basis Function (RBF) kernel. 

Diesel engine performance is governed by intricate interac-

tions among fuel composition, engine speed, and combus-

tion dynamics, resulting in non-linear data patterns. A sim-

ple linear model is fundamentally incapable of effectively 

capturing this complexity, leading to its poor performance, 

especially for the torque parameter. SVM, by mapping the 

data into a higher-dimensional feature space, successfully 

identified the complex regression function that accurately 

fits the data. 

 

Table 4. Summary of model evaluation results 

Parameter Model MAE RMSE R² 

Power Linear Regression 8.5454 10.2548 0.6712 

SVM 1.1187 1.4900 0.9930 

Torque Linear Regression 18.1674 22.6074 0.09286 

SVM 2.3506 3.8527 0.9736 

Note: MAE and RMSE are in the original units of the parameters (BHP and Nm). R² is on a scale of 0–1. 

 

a) b) 

             

Fig. 5. (a) Predicted vs. actual values for power prediction with SVM; (b) predicted vs. actual values for power prediction with linear regression 
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a) b) 

                      

Fig. 6. (a) Predicted vs. actual values for torque prediction with SVM; (b) predicted vs. actual values for torque prediction with linear regression 

 

The high accuracy achieved by the SVM model in this 

study (R² = 0.993 and 0.973 for torque) is highly competi-

tive compared with recent literature in the field. In this 

model, both are treated as different outputs, even with the 

same input (in power learning, torque is not included as  

a variable). High accuracy occurs because the SVM param-

eters are tuned (to maximize accuracy across the model and 

dataset), and the data used is actual experimental data. This 

makes the relationship between variables clearer and more 

consistent for the model to learn. These results are con-

sistent with, and in some cases exceed, the findings of other 

studies that used SVMs for engine parameter prediction. 

For instance [31] used an SVR model to predict the perfor-

mance and emissions of a spark-ignition engine, achieving 

a validation R² of 0.9944 for fuel consumption rate and 

0.9889 for NOx emissions, which are comparable to our 

model's accuracy. Similarly [23] reported strong results 

predicting diesel engine performance with limited samples, 

achieving the best R² values of 0.9887 for maximum in-

cylinder pressure and 0.9773 for engine efficiency, which 

align closely with our torque prediction R² of 0.974.  

A study [30] of predicting fuel consumption in marine 

diesel engines reported a test R² of 0.961 for their SVR 

model, a high value slightly surpassed by the R² values for 

both power and torque in our study. Even when predicting 

different parameters, such as exhaust gas temperature, [16] 

found that SVR was a strong predictor, with a validation R² 

of 0.82. Furthermore, a study by [10] on predicting bio-

diesel yield reported a Pearson Correlation Coefficient of 

approximately 0.75, underscoring the exceptional perfor-

mance of our SVM model for this task. 

While the high R² values indicate an excellent model fit 

for the given dataset, it is important to acknowledge the 

limitations. High performance on a test set partitioned from 

the same source does not guarantee perfect generalization 

to different engine types, substantially different operating 

conditions, or fuel variations not represented in the training 

data. Nonetheless, the results strongly validate that for the 

specific dataset of biodiesel-essential oil blends used, SVM 

is a highly effective and efficient modeling tool. This suc-

cess highlights the significant potential of machine learning 

to accelerate research and development in alternative fuels 

by providing rapid and accurate performance predictions, 

thereby reducing the reliance on time-consuming and ex-

pensive physical experiments. 

4. Conclusions 
Based on the test results, it can be concluded that engine 

power tends to increase with rpm until it reaches an opti-

mum range of 4800 to 5000 rpm, then decreases at higher 

rpm. The observed peak in power at approximately 5000 

rpm, followed by a decline at higher speeds, is mainly due 

to reduced volumetric efficiency, shorter combustion dura-

tion, and increased frictional losses. These factors, acting 

together, reduce torque more rapidly than the increase in 

engine speed, leading to a decrease in overall engine per-

formance. All fuel variations show a consistent trend, but 

variations 6 to 10 have produced relatively higher power 

because they have higher density and viscosity. 

This study investigated the impact of an essential oil 

additive and varying biodiesel blend ratios on diesel engine 

performance, using both statistical analysis and machine 

learning. The statistical analysis revealed that neither the 

additive nor the blend ratio had a statistically significant 

main effect on engine power or torque (p > 0.05). Despite 

the lack of statistically significant group differences, the 

machine learning approach yielded clear results. A Support 

Vector Machine (SVM) model, developed alongside a Lin-

ear Regression model, demonstrated exceptional predictive 

capability. The SVM model achieved outstanding accuracy, 

with an R² of 0.993 for engine performance.  

Further research using the SVM model can focus on the 

following developments. First, expand the input variables 

beyond RPM and fuel composition to include other opera-

tional parameters, such as torque, fuel flow rate, exhaust 

gas temperature, and injection pressure, so the model can 

better represent combustion conditions. Second, optimizing 

the SVM hyperparameters (C, γ, and ε) using metaheuristic 

or grid search methods more systematically is necessary to 

improve prediction accuracy, especially in high-speed re-

gions that exhibit power degradation. Third, the application 

and comparison of various kernels (linear, polynomial, and 

RBF) are recommended to evaluate the model's ability to 

capture the non-linear relationship between input variables 
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and output power. Finally, model validation using a broader 

dataset and a variety of fuels, as well as testing on new 

experimental data, will improve the generalizability and 

reliability of the SVM model in diesel engine performance 

prediction applications. 
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