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Abstract

Condition-based maintenance (CBM) is crucial for enhancing the reliability of diesel engines. This study
evaluates the effectiveness of support vector machine (SVM) and backpropagation neural network
(BPNN) in predicting engine faults using operational parameters, such as engine RPM, lubricating oil
pressure, fuel pressure, coolant pressure, oil temperature, and coolant temperature. Unlike previous
research, this study validates engine condition labels based on standardized operational parameter
thresholds, ensuring a more reliable and realistic representation of data. Statistical analyses using
Spearman correlation and ANOVA deviance reveal that engine RPM and coolant temperature are
significant predictors of engine health (p < 0.05). The findings show a notable difference in performance
between the two classification models assessed. The Support Vector Machine (SVM) with a Radial
Basis Function (RBF) kernel achieved an accuracy of 85.46%. However, the BPNN, configured with
a [2-3-3-2] layer architecture and utilizing the tansig activation function, significantly outperformed
the SVM, achieving an accuracy of 97.16%. These results suggest that the BPNN is more adept at
capturing nonlinear patterns and providing more accurate predictions. Overall, this study underscores
the importance of integrating domain-based data validation with machine learning techniques to
develop reliable predictive maintenance systems.

Keywords: Diesel Engine, Condition-Based Maintenance, Support Vector Machine, Backpropaga-

tion Neural Network, Engine Health Prediction, Machine Learning, Operational Parameters

1. Introduction

Machine health monitoring has become a critical
aspect in various sectors, including industrial systems, au-
tomotive applications, and marine transportation. Unex-
pected machine failures can lead to significant operational
losses, increased maintenance costs, and safety risks [1,2].
Therefore, effective maintenance strategies are required to
ensure optimal machine performance and reliability. One
of the most widely adopted approaches is Condition-Based
Maintenance (CBM), which utilizes real-time operational
data to assess machine condition and predict potential
failures before they occur [3]. Compared to traditional
maintenance strategies such as time-based or corrective
maintenance, CBM offers several advantages, including
reduced downtime, improved maintenance efficiency, and
extended machine lifespan [4]. However, the main chal-
lenge in CBM lies in processing and interpreting complex
sensor data accurately to generate reliable predictions [5].
To address this issue, machine learning techniques have
been increasingly applied for predictive maintenance tasks.
Among various machine learning methods, Support Vec-
tor Machine (SVM) and Backpropagation Neural Network
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(BPNN) are widely used for machine health prediction.
SVM is known for its strong generalization capability, espe-
cially in high-dimensional data spaces, while BPNN is effec-
tive in modeling complex nonlinear relationships within
operational data [6,7]. Previous studies have demon-
strated the effectiveness of these methods in predicting
machine conditions. For example, SVM-based models have
achieved satisfactory classification performance in pre-
dictive maintenance applications, while optimized BPNN
models have shown high accuracy in detecting engine
degradation patterns [8,9]. Despite these advancements,
several limitations remain. Previous studies often rely on
conventional SVM kernels such as linear and polynomial,
which may not be optimal for handling nonlinear charac-
teristics of engine data [10]. In addition, the reliability
of labeled datasets is often overlooked, where labels are
directly adopted without validation against actual engi-
neering standards. This may reduce the accuracy and
practical applicability of predictive models. To address
these gaps, this study proposes a comparative analysis
between modified SVM models and BPNN for diesel en-
gine health prediction. The SVM model is enhanced using
non-linear kernels, specifically Radial Basis Function (RB-
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Figure 1. Research workflow.

F) and Sigmoid kernels, to better capture complex data
patterns. Furthermore, instead of applying data relabeling
techniques, this study validates engine condition labels
based on standardized operational parameter thresholds
derived from engineering references. This approach en-
sures that the dataset reflects realistic machine conditions
and improves model reliability. In addition, statistical
analyses, including Spearman correlation and ANOVA De-
viance, are employed to identify significant operational pa-
rameters influencing engine health. The validated dataset
is then used to develop and evaluate predictive models
using SVM and BPNN, followed by a performance com-
parison with previous studies. The main contributions of
this study can be summarized as follows: introducing an
engineering-based validation approach for engine condi-
tion labels, improving SVM performance through the use
of non-linear kernels, and providing a comprehensive com-
parison between SVM and BPNN for diesel engine health
prediction.

2. Experimental/theoretical method

2.1. System Design

The system developed in this study leverages ma-
chine learning techniques to accurately assess the health
status of diesel engines, enabling proactive maintenance
decisions within a condition-based maintenance (CBM)
framework. By continuously monitoring engine parame-
ters and analyzing operational data, the system can de-
tect early signs of degradation or potential faults, thereby
reducing unexpected breakdowns and optimizing main-
tenance schedules. This predictive capability enhances
engine reliability, lowers maintenance costs, and extends
the service life of critical components. Integrating machine
learning models into the CBM approach allows for adap-
tive learning from historical and real-time data, improving
diagnostic precision over time. The system is designed to
extract meaningful features from sensor inputs and em-
ploy advanced algorithms to classify engine conditions.
The overall research workflow is illustrated in Figure 1.
The process begins with a literature study to establish a
theoretical foundation and identify relevant methods for
engine health prediction. The dataset used in this study is
obtained from previous research conducted by Mohakul
(2023), which contains operational parameters of a marine
diesel engine, including engine RPM, lubricating oil pres-
sure, fuel pressure, coolant pressure, oil temperature, and
coolant temperature. In contrast to previous approaches,
this study applies a data validation process based on stan-
dardized operational parameter thresholds to ensure the
reliability of engine condition labels. This step includes
data cleaning, such as handling missing values and remov-
ing outliers, followed by validation of the engine condition
labels to better represent actual operating conditions. Sub-
sequently, statistical analysis is performed to understand
the relationship between operational parameters and en-
gine condition. Spearman correlation is used to evaluate
the strength and direction of relationships between vari-
ables. Furthermore, ANOVA Deviance analysis based on
logistic regression is conducted to identify significant pa-
rameters affecting engine health, including significance
testing, goodness-of-fit evaluation, and main effect anal-
ysis. After the statistical analysis stage, the dataset is
normalized using min-max normalization to ensure con-
sistency in the scale of input variables. The dataset is then
divided into training (70%), validation (15%), and testing
(15%) sets to support model development and evaluation.
In the modeling stage, two machine learning approaches
are implemented, namely Support Vector Machine (SVM)
and Backpropagation Neural Network (BPNN). The SVM
model is developed using Radial Basis Function (RBF) and
Sigmoid kernels with various parameter configurations.
Meanwhile, the BPNN model is constructed using different
network architectures, including variations in the number
of hidden layers, neurons, activation functions, and the
Levenberg-Marquardt training algorithm. Finally, model
performance is evaluated using several metrics, including
accuracy, mean squared error (MSE), precision, recall, and
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Table 1. Dataset.

No Engine Lub oil Fuel Coolant Lub oil Coolant Eng.iqe
rpm pressure pressure pressure temp temp Condition
1 520 2.96 6.55 1.06 77.75 79.65 1
2 1221 3.99 6.68 2.21 76.40 75.67 0
3 729 3.85 10.19 2.36 77.92 71.67 1
4 845 4.88 3.64 3.53 76.30 70.50 0
5 824 3.74 7.63 1.30 77.07 85.14 0
6 1230 3.43 10.84 1.83 77.41 85.92 0
7 538 4.26 7.69 2.08 80.18 81.18 1
8 1187 2.59 6.89 1.83 78.10 84.97 1
9 609 3.75 10.09 3.00 77.28 75.58 1
10 606 2.27 5.49 1.91 75.17 77.73 1
165 1286 5.12 3.83 3.25 77.37 71.86 1
166 524 3.22 8.19 1.86 79.28 68.36 1
167 980 3.53 9.05 1.02 76.80 80.01 0
168 571 3.56 7.63 2.68 76.32 69.89 1
169 541 3.11 6.36 1.72 76.65 86.09 1
170 422 2.80 9.51 1.31 77.18 71.52 1
171 430 2.20 5.47 3.32 77.59 77.07 1
172 801 4.84 5.80 1.12 80.36 84.06 1
173 588 2.28 6.52 1.87 75.68 73.38 0
174 709 2.04 5.20 2.55 75.93 80.22 1

F1-score. The results of SVM and BPNN models are then
compared with previous studies to assess performance
improvements and determine the most effective method
for diesel engine health prediction.

2.2. Dataset and Engine Data Acquisition

This study employs a dataset consisting of diesel
engine operational parameters, including pressure and
temperature-related variables. The dataset is sourced from
previous studies conducted by D. Mohakul (2023) [10,11],
which focus on the MTU Series 1400 marine diesel engine.
The dataset includes several key operational parameters,
engine speed (Engine RPM), lubricating oil pressure (Lub
Oil Pressure) in bar, fuel pressure (Fuel Pressure) in bar,
coolant pressure (Coolant Pressure) in bar, lubricating oil
temperature (Lub Qil Temperature) in °C, and coolant
temperature (Coolant Temperature) in °C. These param-
eters are used as input variables for predicting engine
health condition.

The output variable is defined as engine condition,
which is categorized into two classes: healthy (1) and
unhealthy (0). In contrast to previous approaches that
directly adopt existing labels, this study performs a val-
idation process on the engine condition labels based on
standardized operational parameter thresholds. This val-
idation refers to established engineering standards, en-

suring that the labeled data accurately represent actual
engine conditions. The validated dataset is subsequently
used for training and testing predictive models to evaluate
the performance of Support Vector Machine (SVM) and
Backpropagation Neural Network (BPNN) in predicting
diesel engine health. The dataset is shown as in Table 1
and the data acquisition scheme is depicted as in Figure 2.

2.3. Data Preprocessing

Data preprocessing is conducted to ensure that the
dataset used in this study is clean, consistent, and suitable
for further analysis and model development [12]. This
process begins with data cleaning, which includes han-
dling missing values using mean imputation and detecting
outliers using the interquartile range (IQR) method. The
IQR approach is applied to identify and remove extreme
values that may negatively affect model performance. In
contrast to previous approaches that rely on data rela-
beling using clustering techniques, this study performs a
validation process on the existing engine condition labels
based on standardized operational parameter thresholds
and actual engine conditions during data acquisition. Each
data instance is evaluated by comparing its operational pa-
rameters with established standard ranges. If one or more
classified as unhealthy (0); otherwise, it is classified as
healthy (1). In addition, the validation process is suppor-
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Figure 2. Diesel engine operation data acquisition scheme [13].

ted by actual engine operating conditions observed during
data collection. Indicators such as abnormal vibration,
engine misfiring, unstable operation, or unexpected en-
gine shutdown are considered to confirm the classification
of unhealthy conditions. This approach ensures that the
dataset reflects realistic engine behavior and improves the
reliability of the classification labels. After the initial vali-
dation process, min-max normalization is applied to the
dataset to standardize the range of feature values across
all variables. This normalization technique rescales each
feature to a fixed range, typically between -1 and 1 us-
ing mapminmax function in Matlab, which is essential for
ensuring that the input data is compatible and balanced
for machine learning algorithms, such as support vector
machines (SVMs) and backpropagation neural networks
(BPNNs). By transforming the features to a uniform scale,
the models are prevented from being biased toward vari-
ables with larger magnitude values, thereby improving the
convergence speed and overall predictive performance.
Subsequently, the normalized dataset is partitioned into
three distinct subsets to facilitate effective model training
and evaluation. Seventy percent of the data is allocated for
training, enabling the models to learn underlying patterns
and relationships within the data. Fifteen percent is desig-
nated as validation data, which is used to fine-tune model
parameters and prevent overfitting by monitoring perfor-

mance on unseen samples during training. The remaining
15% is reserved as testing data, serving as an independent
set for assessing the final model’s generalization capability
and robustness on new, unseen instances. This stratified di-
vision ensures a balanced approach to model development,
validation, and unbiased performance assessment.

2.4. Analysis of Engine Operational Parameter Relation-
ships

Spearman’s correlation analysis was employed to
investigate the relationship between diesel engine opera-
tional parameters and engine health condition, with the
results visualized in the form of a heatmap [14]. This
method was selected due to its capability to measure
monotonic relationships without requiring normally dis-
tributed data, making it suitable for datasets with non-
linear characteristics and binary output variables. The cor-
relation coefficient was calculated to assess the strength
and direction of the relationship between each operational
parameter and the engine condition, as well as among the
input variables themselves. The results are presented in
a correlation matrix, where the magnitude of the coeffi-
cient indicates the level of association. In the heatmap
representation, color intensity reflects the strength of the
relationship: values approaching +1 indicate a strong pos-
itive correlation, values approaching -1 indicate a strong
negative correlation, and values close to O represent weak
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Figure 3. Kernel transforms non-linear problems into
linear problems in a new space.

or negligible relationships. This analysis plays an impor-
tant role in identifying the most influential parameters
affecting engine health. By understanding these relation-
ships, the study provides a foundation for improving pre-
dictive model performance and supporting more effective
condition-based maintenance strategies.

2.5. ANOVA Deviance

Deviance-based analysis of variance (ANOVA) within
the logistic regression framework is employed to evaluate
the significance of operational parameters in relation to
diesel engine health, which is represented as a binary out-
come variable (healthy = 1, unhealthy = 0) [15]. This
method is particularly suitable for classification problems
involving categorical dependent variables, as it assesses
the contribution of predictor variables based on likelihood
estimation. The analysis is conducted by comparing a
full model, which includes all predictor variables, with a
reduced model using the likelihood ratio test (LRT). The
statistical significance of each parameter is determined
based on the p-value, where a value less than 0.05 indi-
cates that the variable has a significant effect on engine
health prediction. The ANOVA deviance procedure in this
study consists of three main stages. First, the deviance test
is performed to identify significant operational parameters
influencing engine condition. Second, post-analysis is con-
ducted using odds ratio estimation to quantify the effect of
each parameter on the likelihood of engine health status.
Third, model validation is carried out through goodness-
of-fit testing to ensure that the logistic regression model
adequately represents the observed data. This analytical
approach provides a comprehensive understanding of the
relationship between operational parameters and engine
condition. The results are subsequently used to support
feature relevance analysis and improve the reliability of
predictive modeling using SVM and BPNN.

2.6. Support Vector Machine

The Support Vector Machine (SVM) modeling ap-
proach in this study utilizes two distinct kernel functions:
the Radial Basis Function (RBF) and the Sigmoid ker-
nel [13], each offering unique advantages in capturing

non-linear patterns in diesel engine health data. The RBF
kernel excels at mapping input features into a higher-
dimensional space, thereby allowing the SVM to establish
more flexible decision boundaries that effectively separate
data points with complex patterns. This capability makes
it particularly suitable for scenarios in which the relation-
ship between variables is not linearly separable, which is a
common occurrence in engine condition monitoring. Con-
versely, the sigmoid kernel functions similarly to neural
networks by introducing a nonlinear transformation that
models complex interactions between features. Its applica-
tion in SVM enables the model to approximate nonlinear
decision surfaces, thereby enhancing the classification per-
formance when the underlying data distribution exhibits
sigmoid-like characteristics. By employing both the RBF
and sigmoid kernels, this study harnesses complementary
strengths to improve the robustness and accuracy of the
SVM model in diagnosing and predicting diesel engine
health status, thereby effectively addressing various forms
of nonlinearity and data complexity. The kernel transform
scheme is shown in Figure 3.

2.6.1. Radial Basis Function (RBF) Kernel

The radial basis function (RBF) kernel is a widely
used kernel function in machine learning, particularly in
support vector machines (SVMs), for addressing nonlinear
classification and regression challenges. By implicitly map-
ping input data into a higher-dimensional feature space,
the RBF kernel enables linear algorithms to separate data
that are not linearly separable in the original input space.
This transformation occurs without explicitly calculating
the coordinates in the high-dimensional space, thereby
allowing for efficient computation, even with complex
datasets. Mathematically, the RBF kernel assesses the sim-
ilarity between two data points based on their Euclidean
distance, with the kernel value decreasing exponentially
as the distance increases as shown in the following formu-
lation.

K(z;,x;) = exp (—)\ e — a:j||2) 1

The parameter gamma () plays a crucial role in
controlling the sensitivity of the model to variations in the
input data. In particular, a high ~ value causes the model
to focus intensely on individual data points, which can
lead to overfitting, in which the model captures noise and
specific patterns that do not generalize well to unseen data.
Conversely, a low v value results in a smoother decision
boundary, making the model less flexible and potentially
underfitting the data by failing to capture important com-
plexities or patterns. To achieve optimal performance,
both the regularization parameter C and v are systemat-
ically tuned using a grid search. This method involves
exhaustively searching through a predefined set of param-
eter values to identify the combination that yields the best
balance between bias and variance, thereby maximizing
the model’s predictive accuracy. By carefully optimizing
these parameters, the model can generalize better to new
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data, avoiding the pitfalls of both overfitting and underfit-
ting.

2.6.2. Sigmoid Kernel

The sigmoid kernel is a favored option in ma-
chine learning, especially within support vector machines
(SVMs), because of its capability to model complex non-
linear relationships between data points. This similarity
enables the sigmoid kernel to transform input features
into a higher-dimensional space where linear separation
becomes feasible, thus allowing the algorithm to capture
intricate patterns that linear kernels cannot. It is math-
ematically represented as a hyperbolic tangent function,
which closely resembles the activation function used in ar-
tificial neural networks, as demonstrated in the following
formulation.

K(z;,x;) = tanh (v - (x;, ;) + ¢) 2)

The kernel function described uses the parameter
gamma to control the slope of the curve, thereby effec-
tively determining the sharpness of the function transition.
This slope adjustment enables the kernel to model complex
nonlinear relationships within data, making it particularly
useful for datasets that exhibit patterns similar to those
found in artificial neural networks (ANNs). The parameter
c serves as a horizontal shift, enabling fine-tuning of the
decision boundary to better separate data points belonging
to different classes. Together, these parameters provide
flexibility in shaping the kernel to fit the underlying data
distribution more accurately.

2.7. Backpropagation Neural Network (BPNN)

A backpropagation neural network (BPNN) model is
utilized to predict the health status of machines [9] by ex-
amining operational parameters, such as engine speed, oil

pressure, engine temperature, coolant pressure, coolant

temperature, and fuel pressure. This network com-
prises three main layers: the input layer, hidden layer,
and output layer. The input layer receives operational
parameters as data, whereas the hidden layer processes
this data to discern nonlinear relationships. The architec-
ture of the neural network involves a variable number of
hidden layers, typically ranging from one to three. Each
hidden layer comprises one to three neurons, thereby al-
lowing the model to capture different levels of complexity
and abstraction in the input data. This flexible design
enables the network to balance computational efficiency
with the capacity to learn meaningful patterns relevant to
the machine’s operational status. Following the hidden
layers, the output layer functions as the decision-making
component and produces predictions about the condition
of the machine. It classifies the machine as either healthy
or unhealthy based on the processed information from the
preceding layers. The backpropagation neural network
scheme is shown in Figure 4.

In the BPNN modeling, various activation functions
play a crucial role in determining each neuron’s output
based on its input. Activation functions play a crucial role
in introducing nonlinearity into neural networks, thereby
enabling them to model complex relationships within data
that linear models cannot capture. By transforming the
summed input signals of a neuron into an output signal,
these functions determine whether a neuron should be ac-
tivated, thereby influencing the network’s ability to learn
intricate patterns. For instance, the sigmoid function maps
input values into a smooth range between 0 and 1, mak-
ing it particularly suitable for binary classification tasks,
wherein the outputs represent probabilities. However, its
tendency to saturate at extreme values can slow down
learning owing to vanishing gradients. To address such
limitations, alternative activation functions like ReLU (Rec-
tified Linear Unit) and Tansig have been developed. ReLU
accelerates the training process by outputting zero for neg-
ative inputs and a linear relationship for positive inputs,
which helps mitigate the vanishing gradient problem com-
mon in deep networks. This property allows gradients
to propagate more effectively during backpropagation,
thereby improving convergence speed and performance.
Meanwhile, the Tansig function, which outputs values be-
tween -1 and 1, offers greater stability than the sigmoid
function by centering the data around zero, which can
facilitate faster learning and better gradient flow.

The Levenberg-Marquardt algorithm (trainlm) was
employed for the training process. This optimization tech-
nique combines gradient descent with Newton’s method
and was chosen for its ability to enhance convergence
speed and efficiency compared to traditional optimization
methods when dealing with nonlinear models, such as
BPNN. This approach enables the model to adapt more
quickly to the data, thereby improving the accuracy of
predicting machine health conditions.
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Table 2. Model evaluation matrices.

Actual (+) Actual (-) Precision
Predicted (+) True + (TP) False + (FP) TP / (TP +
Predicted (-) False — (FN) True — (TN) TN / (TN + FN)
Recall TP / (TP + FN) TN / (TN + FP) -
F-Measure (2 x Precision x Sensitivity) / (Precision + Sensitivity)
Accuracy (TP + TN) / (TP + TN + FP + FN)
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Figure 7. Heatmap correlation engine data parameter.

Table 3. ANOVA deviance model result.

Model Deviance df p-value
Full Model 176.18 151 0.0085
Reduction

Model 183.10 152 -

2.8. Model Evaluation

Model evaluation using metrics such as Accuracy,
Precision, Recall, and F1-score, which are essential for
assessing the model’s ability to accurately classify machine
conditions. Various equations can be formulated from
the confusion matrix to further analyze the model per-
formance. The model evaluation is presented in Table
2.

3. Results and Discussion

3.1. Data Distribution and Outlier Analysis

The initial stage of analysis focuses on understand-
ing the distribution characteristics of the dataset. The
histogram of feature distributions is presented in Figure
5, illustrating the spread of each operational parameter.
The results show that several variables do not strictly
follow a normal distribution, which justifies the use of
non-parametric statistical methods such as Spearman cor-
relation in subsequent analysis.

Outlier detection was performed using the Interquar-
tile Range (IQR) method. The summary of detected
outliers and the corresponding boxplot visualization are
shown in Figure 6. The results reveal that a number of
extreme values exist in parameters such as lubricating oil
pressure and coolant temperature. These outliers were
carefully handled to prevent distortion in model training
while preserving meaningful variations in the dataset.
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Figure 8. Main effect plot engine data parameter.

3.2. Correlation Analysis of Engine Parameters

The relationship between operational parameters
and engine condition was analyzed using Spearman corre-
lation. The heatmap of correlation is presented in Figure
7. The results show that engine RPM (r = 0.2543), lubri-
cating oil pressure (r = 0.1604), and coolant temperature
(r = 0.1764) exhibit the strongest correlation with engine
condition. Although the correlation strength is relatively
moderate, these parameters demonstrate consistent in-
fluence on engine health. This finding aligns with the
physical behavior of diesel engines, where variations in
speed, lubrication, and cooling significantly affect perfor-
mance stability.

3.3. Main Effect Analysis of Engine Parameters

To further understand the influence of each parame-
ter on engine condition, a main effect plot is presented in
Figure 8. This analysis shows how changes in individual
parameters impact the probability of engine health status.

The results show that engine RPM and coolant tem-
perature exhibit more pronounced trends compared to
other parameters. Increasing deviations from their opti-
mal operating ranges correspond to a higher likelihood of
unhealthy engine conditions. This supports the hypothesis
that thermal and rotational dynamics play a critical role
in engine performance.

3.4. ANOVA Deviance Analysis of Engine Parameters

The significance of operational parameters was eval-
uated using ANOVA Deviance based on logistic regression.
The results are presented in Table 3 and supported by
paramater analysis in Table 4. The analysis confirms that
overall the p-value of the full model is 0.0023 < 0.05,
thus H, is rejected, the full model is significant or there is
at least one variable that has a significant impact on the
health of the diesel engine. Engine RPM (p-value = 0.002)
and coolant temperature (p-value = 0.01) are statistically
significant predictors of engine condition (p-value < 0.05)
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Table 4. Parameter results of the analysis of each engine parameter.

Parameter Estimate SE t-stat p-value
Intercept 5.3327 11.852 0.44993 0.65276
Engine rpm 0.0029949 0.00097761 3.0635 0.0021874
Lub oil pressure 0.38583 0.20058 1.9235 0.054412
Fuel pressure -0.15916 0.093386 -1.7043 0.088328
Coolant_pressure -0.40816 0.25783 -1.5831 0.11341
Lub oil temp -0.0051003 0.15098 -0.033781 0.97305
Coolant_temp -0.075417 0.029556 -2.5517 0.010721
Deviance Chi-Square 176.182 | df = 151 | p-value = 0.0788 === VIF (Variance Inflation Factor) Tiap Variabel: ===

Pearson Chi-Square = 155.82 | df = 151 | p-value = 0.3772

Figure 9. Goodness of fit results model.

The goodness-of-fit test results (p-value > 0.05), shown
in Figure 9, indicate that the model adequately represents
the observed data.

Additionally, Variance Inflation Factor (VIF) analysis,
shown in Figure 10, demonstrates that multicollinearity
among variables is within acceptable limits. These findings
validate the relevance of selected parameters and provide
a strong statistical foundation for subsequent machine
learning modeling.

3.5. Prediction Results Using SVM

This study employs a Support Vector Machine (SVM)
to predict the health condition of diesel engines using
validated operational data. The dataset used in this study
has undergone a validation process based on standardized
operational parameter thresholds and actual engine oper-
ating conditions, ensuring that the labels accurately repre-
sent real engine behavior. The SVM model was selected
due to its strong generalization capability in handling
complex and nonlinear datasets. Two kernel types were
implemented, namely Radial Basis Function (RBF) and
Sigmoid, each evaluated using multiple parameter com-
binations to determine the optimal model performance.
The prediction results are presented in Tables 5 and 6,
which summarize the evaluation metrics, including aver-
age accuracy, mean squared error (MSE), precision, recall,
and F1-score across the training, validation, and testing
phases.

In the SVM model with the Sigmoid kernel, the pa-
rameters varied include the box constraint (C), constant
(c), and gamma (~), with combinations of C = 0.1, 1, 10, c
-1,0, 1, and v = 0.01, 0.1, 1. The optimal performance
was achieved at C = 1, ¢ = 0, and v = 0.1, resulting in an
average accuracy of 94.07%, MSE of 0.06, recall of 0.88,
precision of 0.99, and an F1-score of 0.93. For the RBF
kernel, the parameters varied include C = 0.1, 1, 10 and ~
= 0.01, 0.1, 1. The best-performing model was obtained
at C = 10 and v = 0.1, achieving an average accuracy of

'Engine_rpm' : 1.0533
'Lub_o0il pressure' 1.0458
'Fuel pressure' : 1.0180
'Coolant_pressure' : 1.0595
'Lub_o0il temp' 1.0194
'Coolant_temp' 1.0171

Figure 10. Variance Inflation Factor results each engine
paramater.

85.46%, MSE of 0.14, recall of 0.77, precision of 0.92,
and an F1-score of 0.83. The results show that both ker-
nels are capable of modeling nonlinear relationships in
diesel engine operational data. However, the RBF kernel
demonstrates more stable and consistent performance in
capturing complex data patterns, making it more suitable
for this dataset compared to the Sigmoid kernel. The im-
proved performance of the RBF kernel can be attributed
to its ability to map data into a higher-dimensional fea-
ture space, enabling better separation of classes in nonlin-
ear conditions. In contrast, although the Sigmoid kernel
achieves relatively high accuracy in certain configurations,
its performance tends to be less stable and more sensitive
to parameter selection. These findings suggest that the
selection of kernel functions and their corresponding pa-
rameters plays a critical role in SVM performance. The
RBF kernel, with its flexibility in handling nonlinear data
distributions, provides a more reliable model for diesel
engine health prediction within the context of this study.

3.6. DPrediction Results Using BPNN

The Backpropagation Neural Network (BPNN)
model was implemented to predict diesel engine health
using various network configurations. Several parameters
were systematically varied, including the number of hid-
den layers (1-5), the number of neurons in each hidden
layer (1-5 neuron), and activation functions such as logsig,
tansig, purelin, satlin, and satlins. The training process uti-
lized the Levenberg-Marquardt (trainlm) algorithm, which
is well-known for its fast convergence in nonlinear opti-
mization problems. The performance results of selected
BPNN configurations are presented in Table 7, highlighting
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Table 5. Evaluation metrics for SVM model prediction performance with sigmoid kernel.

Kernel Parameter Model Performance
C c y Avg Accuracy (%) Avg MSE Avg Recall Avg Precision  Avg F1-Score
Sigmoid1 0.1 -1 0.01 65.58 0.34 1.00 0.66 0.79
Sigmoid 2 1 0 0.01 65.58 0.34 1.00 0.66 0.79
Sigmoid 3 10 1 0.01 65.58 0.34 1.00 0.66 0.79
Sigmoid 4 0.1 -1 0.1 65.58 0.34 1.00 0.66 0.79
Sigmoid 5 1 0 0.1 65.58 0.34 1.00 0.66 0.79
Sigmoid 6 10 1 0.1 65.58 0.34 1.00 0.66 0.79
Sigmoid 7 0.1 -1 1 65.58 0.34 1.00 0.66 0.79
Sigmoid 8 1 0 1 65.28 0.35 0.97 0.66 0.79
Sigmoid 9 10 1 1 52.67 0.47 0.69 0.62 0.66
Table 6. Evaluation metrics for SVM model prediction performance with RBF kernel.
Parameter Model Performance
Kernel
C c y Avg Accuracy (%) Avg MSE Avg Recall Avg Precision  Avg F1-Score

RBF 1 0.1 - 0.01 65.58 0.34 1.00 0.66 0.79

RBF 2 0.1 - 0.1 65.58 0.34 1.00 0.66 0.79

RBF 3 0.1 - 1 65.58 0.34 1.00 0.66 0.79

RBF 4 1 - 0.01 77.29 0.23 1.00 0.77 0.86

RBF 5 1 - 0.1 77.29 0.23 1.00 0.77 0.86

RBF 6 1 - 1 77.39 0.23 0.93 0.78 0.85

RBF 7 10 - 0.01 77.29 0.23 1.00 0.77 0.86

RBF 8 10 - 0.1 77.29 0.23 1.00 0.77 0.86

RBF 9 10 - 1 85.46 0.15 0.94 0.86 0.90

the top-performing models based on evaluation metrics,
including average accuracy, mean squared error (MSE),
recall, precision, and F1-score across training, validation,
and testing datasets. As shown in Table 7, the best-
performing configuration is achieved by a network with
three hidden layers consisting of [2-3-3-2] neurons, using
the tansig activation function in all hidden and output lay-
ers. This model achieves an average accuracy of 97.16%,
MSE of 0.03, recall of 0.98, precision of 0.98, and an
F1-score of 0.98, indicating excellent classification perfor-
mance and balanced prediction capability.

The best performance of this configuration demon-
strates the effectiveness of deeper network architectures in
capturing complex nonlinear relationships among engine
operational parameters. The use of multiple hidden layers
allows the model to learn hierarchical feature represen-
tations, which improves its ability to distinguish between
healthy and unhealthy engine conditions. In addition, the
tansig activation function contributes to stable and consis-
tent performance by providing a bounded linear response,
which helps reduce sensitivity to extreme values and im-
proves generalization. Compared to other configurations,
this combination of architecture and activation function

offers a better balance between model complexity and
predictive accuracy.

3.7. Comparison of SVM and BPNN Prediction Results
with Related Studies.

A comparative analysis between the proposed mod-
els and related studies is presented in 8, which summarizes
the performance of different machine learning approaches
based on accuracy, precision, recall, and Fl-score. The
results show that the BPNN model developed in this study
achieves the highest performance, with an accuracy of
97.16%, precision of 0.98, recall of 0.98, and F1-score
of 0.98. This performance surpasses both SVM models
implemented in this study as well as models reported in
previous research.

In comparison, earlier studies such as those con-
ducted by Mohakul et al. reported lower performance
when using conventional SVM kernels. Although SVM
demonstrates good generalization capability, its perfor-
mance is limited in handling highly complex nonlinear re-
lationships present in diesel engine operational data. The
results of this study show that even with improved kernel
selection, SVM still performs below the BPNN model. The
superior performance of BPNN can be attributed to its a-
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Table 7. Evaluation metrics of BPNN model prediction.

. . Avg Accuracy Avg Avg
Configuration (%) Avg MSE  Avg Recall Precision F1-Score
Laye'r: 4 Ne.urons: .[2 332] Act1vat10r.1$: tansig, 97.16 0.03 0.98 0.98 0.98
tansig, tansig, tansig OutputFcn: tansig
Laygr: 5 Ne.urons: .[2 11 3 1] Activations: ta1}51g, 96.86 0.03 0.97 0.98 0.98
tansig, tansig, tansig, tansig OutputFcn: tansig
Layer: 5 Neurons: [3 2 1 2 1] Activations: satlins,
satlins, satlins, satlins, satlins OutputFcn: satlins 95.96 0.04 0.96 0.98 0.97

Table 8. Comparison of SVM and BPNN prediction results with related studies
Model Accuracy Precision Recall F1-Score Source
SVM (Sigmoid) 65 66 100 79
SVM (RBF) 85 86 94 90 Proposed Method
BPNN [2-3-3-2] (act. function: 97 08 08 08
tansig)
Logistic Regression 89 88 87 88
SVM (Linear) 89 88 87 88
SVM (Polynomial) 88 87 84 86 D. Mohakul, 2023
KNN 89 88 87 87
Naive Bayes 83 82 79 80
Decision Tree 74 72 67 68

bility to model intricate nonlinear interactions among mul-
tiple input parameters through deep network architectures.
The use of multiple hidden layers combined with the tansig
activation function enables the model to capture complex
patterns more effectively and maintain stable prediction
performance across different data subsets. In addition,
the improved results in this study are also influenced by
the data validation process applied prior to modeling. Un-
like previous studies that rely on raw or directly labeled
datasets, this study ensures label reliability through vali-
dation based on standardized operational thresholds and
actual engine conditions. This approach enhances the
quality of the training data and contributes to improved
prediction accuracy.

4. Conclusions

This study evaluates the performance of Support Vec-
tor Machine (SVM) and Backpropagation Neural Network
(BPNN) in predicting diesel engine health conditions us-
ing validated operational data. The results show that the
SVM model with the RBF kernel achieved an accuracy
of 85.46%, demonstrating its capability to handle non-
linear data, although its performance remains limited in
capturing more complex patterns. In contrast, the BPNN
model achieved superior performance, with the best con-
figuration consisting of three hidden layers [2-3-3-2] and
the tansig activation function. This model achieved an
accuracy of 97.16%, along with high precision, recall, and

F1-score values, indicating strong and consistent classifi-
cation performance. These results confirm that BPNN is
more effective in modeling complex nonlinear relation-
ships in diesel engine operational data. Furthermore, the
improved prediction performance in this study is strongly
influenced by the data validation approach applied prior
to modeling. By validating engine condition labels based
on standardized operational parameter thresholds and
actual engine conditions, the reliability of the dataset is
significantly enhanced. This contributes to more accurate
and robust prediction results compared to approaches that
rely solely on raw labeled data. Overall, This study shows
that integrating domain-based data validation with ma-
chine learning techniques provides a reliable framework
for diesel engine health prediction within a Condition-
Based Maintenance (CBM) system.

For future work, further improvements can be
achieved by exploring other machine learning approaches
such as Gradient Boosting, XGBoost, or advanced neural
network architectures. Additionally, ensemble learning
methods may be considered to combine the strengths of
multiple models. Expanding the dataset with more di-
verse operational conditions and different types of diesel
engines is also recommended to improve model general-
ization and applicability in real-world scenarios.
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