IJIE

INTERNATIONAL JOURNAL OF INTEGRATED ENGINEERING
Penerbit | [SSN:2229-838X e-ISSN: 2600-7916

N
< Universiti Tun Hussein Onn Malaysia

Vol. 18 No. 4 (2026) 199-216
https://publisher.uthm.edu.my/ojs/index.php/ijie

J

Multiclass Railway Wheel Defect Classification Using
Machine Learning Algorithms: A Comparative Study

Nurfitri Muhamad Nasir?, Siti Armiza Mohd Aris'*, Tay Yung Taw1

1 Faculty of Artificial Intelligence,
Universiti Teknologi Malaysia, 54100 Kuala Lumpur, MALAYSIA

*Corresponding Author: armiza.kl@utm.my
DOL: https://doi.org/10.30880/ijie.2026.18.04.014

Article Info Abstract

Received: 26 November 2025 Railway wheel condition monitoring plays a critical role in ensuring
Accepted: 17 Mac 2026 safe and reliable rail operations, as defects in wheel geometry can lead
Available online: 17 June 2026 to excessive wear, vibration, and potential derailment. However, real-

world inspection data commonly exhibit severe class imbalance, where
several defect types are underrepresented, making accurate multiclass

Keywords classification challenging. This study aims to develop a machine
Railway defects, machine learning, learning-based framework for identifying seven defective wheel
synthetic data, multiclass conditions using three geometric profile parameters which is flange
classification thickness, flange height, and flange inclination (Qr). Kernel Density

Estimation (KDE) with a Gaussian kernel (bandwidth = 0.2) was
employed to generate synthetic data samples for minority classes. This
augmentation increased the dataset from a skewed distribution to a
balanced set of 1827 samples, preserving original statistical properties
while providing a more robust foundation for model training. Three
supervised classifiers namely, Random Forest, Linear-Support Vector
Machine, and K-Nearest Neighbors were implemented and evaluated
on the augmented dataset. Model performance was validated using a 5-
fold cross-validation technique to ensure accuracy and generalizability.
While all models achieved high predictive performance with accuracies
exceeding 90%, the Random Forest model yielded the highest validated
performance with a mean accuracy of 93.1% and a macro F1-score of
93.5%. Confusion matrix analysis confirmed that most defect types
were correctly classified with minimal misclassification. These findings
demonstrate that KDE-based augmentation effectively mitigates class
imbalance, significantly enhancing the reliability of multiclass wheel
defect classification in predictive maintenance systems.

1. Introduction

Railway transportation serves as one of the vital modes for mass transit, ensuring safe and efficient mobility for
millions of passengers daily. The reliability and safe functioning of train operations are highly dependent on the
condition of the wheelsets, which directly influence ride comfort, maintenance cost, and operational stability.
Wheel defects such as flange wear, excessive flange height, and variations in flange inclination (Qr) can lead to
uneven load distribution and wheel-rail contact degradation, resulting in service interruptions, premature wear,
or in severe cases, derailments [1, 2]. Early and accurate identification of such defects is therefore essential for
maintaining optimal wheel health and ensuring passenger safety.
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Traditional wheel inspection methods, which rely on manual measurement and scheduled maintenance
intervals, are increasingly limited in effectiveness. These approaches are labor-intensive, subject to human error,
and incapable of continuous monitoring under real-time operational conditions [3, 4]. The rapid expansion of
urban rail networks and high-frequency train services further amplify the demand for data driven solutions that
can support automated and predictive defect detection. As railway systems evolve under the framework of
Industry 4.0, the integration of artificial intelligence (Al) and data analytics into maintenance strategies offers new
opportunities for intelligent, condition-based monitoring [5, 6].

Recent advancements have positioned machine learning (ML) as a powerful and widely adopted approach for
defect detection and predictive maintenance in the railway domain. ML algorithms can automatically extract
patterns from multi-dimensional measurement data, enabling the classification of wheel conditions with high
accuracy and minimal manual intervention [6-8]. Studies have reported the successful application of supervised
models namely Random Forest (RF), K-Nearest Neighbors (KNN), and Support Vector Machine (SVM) in
identifying wheel defects, axle fatigue, and track irregularities [8-10]. These models have demonstrated promising
results in separating defective and non-defective components.

Beyond traditional ML classifiers, a wide range of data-driven and signal-processing approaches has been
explored across different engineering fields for fault detection [6, 7, 11]. Time-frequency analysis techniques,
including Short-Time Fourier Transform (STFT), Fast Fourier Transform (FFT), and Wavelet Transform, have
been widely adopted to extract vibration signatures linked to crack propagation and structural degradation [12-
14]. In the domain of image-based inspection, edge detection, morphological filtering, and texture descriptors
have proven effective for identifying surface wear and crack defects [15-17].

In recent years, deep learning (DL) architecture has gained strong traction across safety-critical applications
[8, 18, 19]. Convolutional Neural Network (CNN) have been applied to wheel profile imaging and ultrasonic
testing, while Long Short-Term Memory (LSTM) and Recurrent Neural Network (RNN) have been successfully
used for time-series sensor data in traction motor monitoring and gearbox diagnostics [15, 20, 21]. Hybrid and
ensemble frameworks which combine handcrafted features with DL models have been further improved
diagnostic robustness. In addition, advanced approaches such as Autoencoders, Generative Adversarial Network
(GAN), and Variational Autoencoders (VAE) have also been investigated for anomaly detection, feature extraction,
and synthetic fault data generation in domains such as manufacturing, power systems, and medical imaging [3,
22].

In actual railway maintenance practice, wheel degradation occurs in multiple distinct forms. A wheelset may
exhibit failure in a wide range of defect conditions, which are commonly evaluated through key geometric
parameters including flange height, flange thickness, and flange inclination (Qr). Therefore, a multiclass
classification framework may offer a practical way to capture the range of possible defect types. This approach
allows for more granular fault identification, enabling maintenance teams to prioritize interventions based on
defect severity and type [5, 23].

Another critical challenge is data imbalance. In real-world railway datasets, non-defective samples typically
dominate, while certain defect classes occur far less frequently. This imbalance biases model training and reduces
performance in minority classes. Hence, generating synthetic data has proven to be feasible approach for
mitigating this problem. Among various techniques, Kernel Density Estimation (KDE) offers a statistically
grounded method for producing realistic synthetic samples that preserve the distributional properties of the
original dataset [24-26]. Recent research has emphasized the transition from manual inspections to automated
data-driven maintenance. For instance, Random Forest (RF), K-Nearest Neighbors (KNN), and Support Vector
Machines (SVM) have been successfully applied to identify track irregularities and axle fatigue. However, many
existing studies are limited to binary classification (defective vs. non-defective) [27-29] , which offers low practical
value for specific maintenance planning. Furthermore, real-world railway datasets are frequently plagued by
severe class imbalance.

While previous studies have demonstrated the effectiveness of Al techniques in railway defect detection, most
implementations remain limited in capturing the full range of wheel degradation conditions encountered in
practice [8, 9, 28-30]. In operational settings, defect categories are diverse and unevenly distributed, posing
challenges for reliable classification. Although synthetic data generation methods such as GAN and KDE have
shown potential in other engineering domains [3, 22, 24-26, 31, 32], their structured integration within multiclass
railway wheel geometry classification remains relatively underexplored. Strengthening this integration is
essential for developing more robust and practically deployable intelligent maintenance systems.

2. Methodology

The proposed framework aims to construct reliable ML models for the multiclass classification of railway wheel
defects based on three key parameters which are flange thickness, flange height, and flange inclination (Qr). The
selected parameters were chosen because they directly reflect the wear condition of the wheel and are commonly
used in railway maintenance inspections [17, 33]. The methodology was structured to ensure that data
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preprocessing, model design, and evaluation followed a systematic process. An overview of the process is shown
in Fig. 1, which summarizes the research design, starting from data collection and preprocessing up to the final
classification results and comparative analysis.

This multi-stage design workflow was designed to emulate a realistic predictive maintenance environment,
where railway wheelsets are first screened for defects and subsequently classified according to defect type. In
practice, railway wheelsets are not only detected for the presence of defects but also require detailed classification
to determine the exact defect type. The methodological structure also ensures that the effect of data imbalance
and synthetic data generation is systematically analysed. This ensures that the reliability of the models is
evaluated under conditions that resemble real-world operational challenges, particularly when certain defect
types are rare in actual datasets.

Data Collection and Preprocessing
(flange height, flange thickness, Qr)
-Class labelling (7 classes)
-Remove missing outliersivalues

.

Synthetic Data Generation
-Kernel Density Estimation (KDE)
-Balanced the Dataset: 1827 samples)

!

Z-score normalization
-Mean=0, StdDev=1

I

Model Training and Development
-Split Data (20:20)
Amplement RF, Linear SVM, and KNMN

!

Performance Evaluation
-Using accuracy, precision, recall, and
F1-score

Y

!

No
Performance threshold = 85%

Accuracy?

K-Fold Validation .| Document Final Results and
-Perform 5-fold to assess generalizability ” Comparative Analysis

Fig. 1 Research framework

2.1 Data Collection and Preprocessing

The dataset utilized for this research was obtained from wheel profile measurements of Mass Rapid Transit (MRT)
wheelsets collected during scheduled maintenance activities. Each measurement record includes the three
primary wheel profile parameters which are thickness, height, and Qr, which represent the flange geometry and
inclination of the wheel tread as shown in Fig. 2. These attributes are widely used in railway maintenance as key
indicators of wheel wear, surface deformation, and contact stability with the rail [27, 34]. To capture different
operational conditions, the data was categorized into seven defect classes. Each category represents a unique
combination of dimensional deviations beyond allowable tolerance limits as illustrated in Table I. The data were
originally stored in comma-separated value (CSV) files, with each file corresponding to a specific defect class.
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During preprocessing, duplicate entries and missing values were removed. This process guaranteed that each
feature had an equal influence on the distance driven models such as KNN and kernel-based method like SVM.
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Fig. 2 Three critical dimensional parameters of wheel profile [33]

Table 1 Distribution of defective’s wheel data collection

Defective Types Group Label Total Data
All fail 1 53
Thickness fails 2 261
Height fail 3 98

Qr fail 4 210
Thickness and Qr fail 5 176
Thickness and Height 6 32

fail

Height and Qr fail 7 20

Defect type definition:

1.
2.

oUW

All fail: All three parameters fall outside acceptable range, representing wheels in severe wear conditions.
Thickness fail: Only flange thickness is out of range, indicating excessive lateral wear typically caused by
braking.

Height fail: Only flange height exceeds tolerance limits, which can affect rail gauge contact.

Qr fail: Only Qr is defective, reflecting incorrect contact geometry between the wheel and rail.

Thickness and Qr fail: Both thickness and Qr out from the range values.

Thickness and Height fail: Both thickness and height exceed thresholds, typically associated with high
flange wear.

Height and Qr fail: Both height and Qr parameters are out of range, indicating a wheel nearing its
operational safety limit.

The original dataset exhibited noticeable class imbalance, with the largest defect category which is Thickness
fail containing 261 samples. Meanwhile the smallest sample is only 20 for Height and Qr fail. Synthetic data were
generated for each underrepresented class until defect categories reach and equal amount of 261 samples,
producing a balanced dataset of 1827 samples across seven defect types.

2.2 Kernel Density Estimation

Kernel Density Estimation (KDE) is a non-parametric technique employed to approximate the probability density
function of a data set based solely on observed samples. The technique is widely used in data-driven engineering
applications because it does not assume any predefined distribution shape, making it suitable for modelling real-
world measurement data [32].

The estimated density function can be applied to analyze various attributes of the random variables. Let
(x4, %5, ..,%,) be an independent identically distributed sample selected from an unknown probability density
distribution £. The KDE of f is defined as shown in Equation 1:
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For Equation 2, where K is the kernel function, h is the bandwidth parameter, and K}, (t) is the similarity
measure between a pair of points.

K =K (7) @

Bandwidth value is essential in density estimation. The choice of bandwidth heavily influences the
smoothness of the estimated distribution and is commonly selected through empirical testing or cross-validation
rather than using a single prescribed value [31] .In this study, a Gaussian kernel was used with a bandwidth value
of 0.2. The bandwidth value was determined empirically by comparing multiple bandwidths and selecting the
one that produced the most realistic density estimates without excessive smoothing or noise to balance between
over smoothing and undersmoothing. KDE was applied to each minority defect class to generate synthetic data
that mimic the original statistical distributions measurements.

KDE was selected as the augmentation strategy because it is a non-parametric technique that approximates
the probability density function without assuming a predefined distribution shape. By generating continuous-
valued synthetic samples that preserve the original statistical properties (mean, variance, and spread), KDE
mitigates the training bias toward majority classes. This ensures that the classifiers can learn the subtle geometric
signatures of rare defects, such as 'Height and Qr fail,’ thereby improving overall multiclass accuracy.

The fidelity of the synthetic data was verified through probability density plots, which showed strong overlap
between original and synthetic distribution for all three parameters. Thus, it is confirmed that KDE preserved the
underlying statistical properties of the real measurements without introducing bias or unrealistic values.

2.3 Model Development

Three machine learning algorithms were implemented to perform the multiclass classification task: RF, Linear
SVM, and KNN. RF was selected for it assemble stability and resistance to overfitting. Linear SVM was chosen for
its effectiveness in small-to-medium datasets and its ability to find the maximum-margin linear boundary. KNN
was included to capture the local geometric structure of the defect types in the feature space. All models were
trained using the KDE augmented dataset to ensure equal representation of all defect types and improve
generalization performance. Prior to training, z-score normalization was applied to standardize the features to
maintain consistency across feature scales. As calculated in Equation 3, this process transforms the data into a
mean (1) of 0 and a standard deviation (o) of 1:

(3)

This step ensures that distance-based models like KNN and SVM are not biased by the differing scales of flange
height and Qr measurements. The data then were divided into 80% training and 20% testing sets to maintain class
proportions using stratified sampling. This ratio was selected as a standard empirical practice to ensure the
models have sufficient training data to capture complex defect patterns while maintaining a representative test
set for unbiased evaluation. All models were implemented using scikit-learn and trained using the KDE augmented
dataset of 1827 samples.

2.3.1 Random Forest

The RF classifier was chosen due to its capability to capture non-linear relationships and handle interactions
among high-dimensional features effectively. As an ensemble-based approach, RF generates numerous decision
trees throughout the training process and aggregates the prediction through majority voting. Each tree is trained
using bootstrap samples from the dataset, with random subsets of features selected at each split thus minimizing
overfitting as well as correlation among the trees as illustrated in Fig. 3. This ensemble approach reduces
overfitting, stabilizes predictions, and improves the classifier’s ability to model complex relationships between
wheel defect features.
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Fig. 3 The architecture of Random Forest classifier [35]

RF is widely used in fault detection and industrial monitoring due to its high stability and resistance to
overfitting. In this study, 100 decision trees were implemented using the Gini criterion. RF was expected to
perform well because wheel defect classification involves interacting variables e.g Height-Thickness correlation
that ensemble averaging captures effectively. Moreover, RF’s feature importance scores help identify which
geometric attributes contribute the most to defect differentiation, making it robust for predictive maintenance.

2.3.2 Support Vector Machine

Support Vector Machine (SVM) is a supervised machine learning algorithm designed to find the best separating
boundary that partitions data points into their respective classes. The algorithm is particularly effective for small
to medium sized datasets and robust against outliers. The core idea of SVM is to determine a hyperplane that best
divides the feature space into regions corresponding to different classes.

Among the many possible separating hyperplanes, SVM chooses the hyperplane that maximizes the margin,
which is the distance between the hyperplane and the nearest data points for each class. These nearest examples
are the support vectors, which determine the position and orientation of the optimal hyperplane.

A hyperplane is a linear decision surface of one dimension less than the feature space, and it functions as a
binary classifier by partitioning the space into two regions. By maximizing the margin, SVM improves classification
stability and generalization, producing a robust linear boundary suitable for multiclass classification when
extended through strategies such as one-vs-rest (OvR).

Fig. 4 illustrates a simple example in a two-dimensional space where the samples are associated with the two
classes: stars (Class 1) and circles (Class 2). The objective of SVM is to identify a hyperplane, shown as the red line,
that separates these two groups. The samples that lie closest to this boundary are known as support vectors and
are responsible for shaping the hyperplane’s orientation and position.

The fundamental idea of SVM is to construct a decision boundary f(x) = 0 that best separates the classes in
a multi-dimensional feature space. The algorithm labels any sample x as belonging to the positive class when
f(x) > 0 and negative when f(x) < 0. The objective is to choose a boundary that maximizes the margin (Gap)
while keeping the training error as small as possible.

Fig. 4 Schematic diagram of Support Vector Machine in 2D space [36]
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The decision function used by SVM is formulated as shown in Equation 4:

n

£ = sign| > k(i) + b )

Xiesy

where,
¢ n:The number of samples
e Xx;: The positive examples
¢ y;: The negative examples
e  S,:Support vector
e a;: Lagrange multiplier
e k(x;x): Kernel function
e b: Threshold

2.3.3 K-Nearest Neighbor

KNN is used as a non-parametric, instance-based classifier that directly measures geometric proximity between
data points. Unlike model-based approaches, KNN makes no assumptions about data distribution, making it useful
for exploratory defect classification where class boundaries may be irregular. The algorithm classifies a new
sample by examining the classes of its K nearest neighbors in the training dataset. The value of k is a positive
integer selected prior to classification and directly influences model performance.

The similarity between a query point and training samples is typically measured using Euclidean distance,
expressed in Equation 5:

(5)

dguctidean (X, }/) =

The KNN classification procedure can be summarized as follows:
¢ Determine the value k.
e Compute the distance between the query points and all samples in the training dataset.
o Identify the k closest samples based on ascending distance.

o Determine the classes of these k neighbors.
e Assigned the query point to the class that occurs most frequently among the neighbors.

In this study, k = 5 was selected and distance was computed using the Euclidean metric, implemented as
Minkowski distance with p = 2. KNN performs effectively when data are well-scaled and balanced, conditions
achieved through standardization and KDE augmentation. Although the algorithm is simpler than RF and SVM,
KNN provides intuitive insight into the local structure of the dataset. The inclusion of this study for including KNN
lies in its local decision-making ability where it reflects the similar structure of defect types in the geometric
feature space, complementing the global decision models produced by RF and KNN.

2.4 Model Evaluation

The classification performance of the three algorithms was assessed using four standard metrics: Accuracy (A),
Precision (P), Recall (R), and F1-score (F1). In this study, Sensitivity (Recall) and Selectivity (Specificity) are
implemented to provide a comprehensive assessment of the classifiers' diagnostic performance. Sensitivity is
utilized to measure the model’s capability to detect defects by showing the percentage of true positives relative to
all actual positives. Selectivity is employed to determine the proportion of actual negatives correctly identified,
representing the model's ability to avoid false alarms across the seven defect categories. While these metrics
provide insights into class-specific accuracy, the Fl-score is also analyzed to offer a robust measure of
performance that captures the trade-off between precision and sensitivity, ensuring reliable classification across
the balanced dataset. The metrics are defined based on the following components:
e True Positive (TP): The number of defective samples correctly identified as the specific defect class.
e True Negative (TN): The number of samples correctly identified as not belonging to the specific defect class.
« False Positive (FP): The number of samples incorrectly identified as belonging to a defect class when they
actually do not (Type I error).
o False Negative (FN): The number of defective samples that the model failed to identify as belonging to the
specific defect class (Type II error).
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The metrics are expressed in Equation 6 to 10:

4z TP +TN
" TP+TN +FP +FN (6)
TP
P=—-———
TP + FP (7)
TP
R=——
TP+ FN (8)
TP +TN
= X 9
F1=( TP +TN + FP + FN ©)
TN
(VI = — 10
Selectivity TN+ FP (10)

where,

¢ Accuracy: The proportion of correctly classified instances among all predictions, offering an overall
measure of model performance.

e Precision: The percentage of true positives among all positive predictions made by the model, indicating
the reliability of defect detection.

¢ Recall (Sensitivity): The percentage of true positives relative to all actual positives, measuring the model’s
capability to detect defects.

e Fl-score: The harmonic means of precision and recall, offering a single metric that reflects the trade-off
between false positive and false negative errors.

« Selectivity (Specificity): The proportion of actual non-defective samples (for a specific class) correctly
identified as negative, representing the model's ability to avoid false alarms.

2.5 Model Validation using K-Fold Cross-Validation

A 5-fold cross-validation was implemented to ensure the robustness and generalizability of the classifiers. The
balanced dataset, consisting of 1827 samples, was divided into five equal-sized partitions to implement the cross-
validation procedure. In this configuration, four subsets served as the training foundation, while the remaining
partition was set aside for model validation. This sequence was executed in five iterations, ensuring that every
subsample functioned as the validation set exactly once. Finally, the performance metrics from all five cycles were
averaged to yield a statistically stable assessment of the model's overall accuracy.

3. Result and Discussion

This section outlines the findings produced by evaluating the three ML classifiers which are RF, SVM, and KNN to
both the original and KDE-synthetic datasets. The analysis focuses on model performance in terms of accuracy,
precision, recall, and F1-score, with additional observations from confusion matrices results.

The primary goal of this analysis is to assess the performance of different ML algorithms in accurately
classifying multiple railway wheel defect types based on wheel profile parameters. The inclusion of KDE-
generated synthetic data was introduced as a supporting technique to address class imbalance and assess its
contribution to improve overall classification reliability. All experiments were performed under consistent
preprocessing, parameter tuning, and validation protocols as described in the next section.

3.1 Z-score Normalization

The first stage of the results analysis involves evaluating the effectiveness of the data standardization process.
Prior to normalization, the three geometric profile parameters namely, flange thickness, flange height, and flange
inclination (Qr) exhibited significantly different numerical ranges and scales. As shown in the Fig. 5 for "Original
Wheel Profile Measurements" box plot, the flange height values were predominantly concentrated between 30
mm and 40 mm, while Qr values were much lower, mostly falling below 10 mm.
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Fig. 5 Before and after Z-score normalization

To address these discrepancies, Z-score normalization was applied to ensure that each feature contributed
equally to the classification models, particularly for distance-driven algorithms like KNN and Linear SVM. The
results of this transformation are illustrated in the Fig.5 "After Z-Score Normalization" box plot:

¢ Mean Centering: All three parameters were successfully shifted to a common center, with the mean (u) of

each distribution effectively aligned at 0.

¢ Standardization of Scale: The features were scaled to a standard deviation (o) of 1, bringing most of the data

points for thickness, height, and Qr into a comparable range between -2 and +2.

¢ QOutlier Preservation: The normalization process maintained the relative distribution of the data, including

the identification of outliers, which are critical for characterizing severe defect conditions.

3.2 Synthetic Data Generation

As illustrated in Fig. 6 to Fig. 9, the visual comparison between the original and KDE-synthetic datasets is provided
for selected defect types. Each figure displays the probability density distribution of the three key wheel-profile
parameters which are flange thickness, flange height, and flange inclination (Qr) for both datasets. In addition to
the visual comparison, Table 2 summarizes the number of data samples before and after augmentation for each
defect type, showing how KDE was used to increase the minority classes to achieve a balanced dataset.

Table 2 Data distribution before and after KDE augmentation

Defective Types Group Label Original Data Augmented Data
All fail 1 53 261
Thickness fails 2 261 261
Height fail 3 98 261
Qr fail 4 210 261
Thickness and Qr fail 5 176 261
Thickness and Height fail 6 32 261
Height and Qr fail 7 20 261
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Fig. 6(a) presents the probability density distributions for the original and KDE-generated synthetic data of
Defect Type 1, showing that the synthetic samples closely match the shape and spread of the original distributions
for flange thickness, flange height, and flange inclination (Qr). This indicates that KDE successfully captured the
statistical characteristics of this defect type. In contrast, Fig. 6(b) displays only the original distributions for Defect
Type 2, as this class already contained sufficient samples and did not require augmentation. The distributions in
Fig. 6(b) provide the baseline reference for this defect category and show clear, consistent patterns across all three
wheel-profile parameters.

Defect Type 1: Thickness Distribution Defect Type 2: Thickness Distribution
s Original | m= original
L5+ Synthetic 12
1.0
= > os4
£ 1.0 g 08
= c
2 & 06
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24.0 : . 25.5 260 265 270 275 240 245 250 255 6.0 265 270 2715
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Synthetic
24 0.5 4
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& &
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Height Height
Defect Type 1: Qr Distribution Defect Type 2: Qr Distribution
0.4
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(@) (b)

Fig. 6 Data distribution between original and synthetic dataset (a) Defect type 1; (b) Defect type 2

Fig. 7(a) shows the probability density distributions of the original data and KDE-generated synthetic data for
Defect Type 3. The distributions for flange thickness, flange height, and flange inclination (Qr) demonstrate strong
overlap between the original and synthetic samples, indicating that KDE was able to closely reproduce the overall
shape and variability of this defect category. Meanwhile, Fig. 7(b) presents the original and synthetic distributions
for Defect Type 4. Like Defect Type 3, the synthetic samples follow the same general distribution patterns for all
three wheel-profile parameters, although slight deviations appear at the distribution tails due to the limited
number of original samples. Overall, both figures confirm that KDE successfully captured the statistical behavior
of Defect Type 3 and Defect Type 4, allowing these classes to be effectively balanced for model training.

Fig. 8(a) presents the probability density distributions of the original and KDE-generated synthetic data for
Defect Type 6. The distributions for flange thickness, flange height, and flange inclination (Qr) show strong
overlap, indicating that KDE successfully captured the main trends and variability of this defect class. The
synthetic samples follow the general shape of the original distributions, although small differences appear at the
tails due to the limited number of original samples. Similarly, Fig. 8(b) displays the original and synthetic
distributions for Defect Type 5, where the KDE-generated data also replicates the overall structure of the original
measurements across all three parameters. This consistency confirms that the KDE augmentation process
produced realistic and representative samples for both Defect Type 5 and Defect Type 6, supporting effective
dataset balancing for subsequent model training.

Fig. 9 illustrates the probability density distributions of the original and KDE-generated synthetic data for
Defect Type 7. Across all three wheel-profile parameters, the synthetic samples closely follow the overall pattern
of the original data. The main peaks and distribution shapes are well preserved, although slight differences can be
seen in some regions because of the small sample size associated with this defect category. Despite these minor
variations, the KDE-generated data remain consistent with the statistical behavior of Defect Type 7, confirming
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that the augmentation process successfully produced realistic samples to support the dataset balancing required
for model training.
Defect Type 3: Thickness Distribution Defect Type 4: Thickness Distribution
= original 25 e Original
[ Synthetic e synthetic
29.0 29.5 30.0 30.5 28.0 28.2
Thickness Thickness
Defect Type 3: Height Distribution Defect Type 4: Height Distribution
m Original 2 m Criginal
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T = T T -
] E a0 41 42 a3 . . M5 35.0
Height Height
Defect Type 3: Qr Distribution Defect Type 4: Qr Distribution
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Z
£ 24
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14
04 T T T -
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(b)
Fig. 7 Data distribution between original and synthetic dataset (a) Defect type 3; (b) Defect type 4
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Fig. 8 Data distribution between original and synthetic dataset (a) Defect type 6; (b) Defect type 7

UT H M Penerbit

Gniversid Tun Hussein Onn Nalaysia




Int. Journal of Integrated Engineering Vol. 18 No. 4 (2026) p. 199-216 210
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== criginal
Synthetic

275 276 27.7 27.8 279 28.0 28.1 282
Thickness

Defect Type 7: Height Distribution

5 B Original
Synthetic

36.0 36.2 36.4 36.6 ELR:
Height

Defect Type 7: Qr Distribution

204 = Criginal
Synthetic

Fig. 9 Data distribution between original and synthetic dataset for Defect type 8

Overall, the KDE-based augmentation approach demonstrated strong consistency across all seven defect
types. For each class, the synthetic samples closely followed the key patterns of the original measurements,
including the general shape, central tendency, and spread of the distributions for flange thickness, flange height,
and flange inclination (Qr). While minor deviations appeared in classes with very limited original samples, these
differences remained within an acceptable range and did not distort the underlying distribution characteristics.
The strong overlap between original and synthetic density curves confirms that KDE successfully generated
realistic, continuous-valued samples suitable for balancing the dataset. In summary, KDE-based data synthesis
substantially improved the dataset balance while maintaining fidelity to the original feature distributions. This
enhancement supports the construction of the models that are more generalized and unbiased for the defect
detection of the railway system.

3.3 Model Performance

Three supervised classifiers were trained on the balanced dataset and evaluated for their ability to differentiate
among the seven defect types. Each model produced high overall accuracy values exceeding 90%, confirming the
effectiveness of KDE augmentation in enabling fair and robust classification. The following subsections present
the results and discussion for RF, SVM, and KNN classifiers respectively. This breakdown provides insight into
how each algorithm handles overlapping defect distributions and class-specific variations in the geometric
parameters.

3.3.1 Random Forest

The confusion matrix in Fig. 10 shows that the RF classifier performed well across most defect categories. Since
the dataset was balanced before training, the results reflect the actual separability of the defect patterns rather
than differences in sample size. Group 2 (Thickness Fail) and Group 7 (Height and Qr Fail) were classified
perfectly, achieving 100% accuracy, indicating that these defect types have distinctive geometric signatures that
the model can easily separate. Group 1 (All Fail) and Group 3 (Height Fail) also showed strong performance with
accuracies of 94.2% and 92.4%, respectively.
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RF Confusion Matrix: Defect Types
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Fig. 10 Confusion matrix for Random Forest model

The most challenging categories were Group 4 (Qr Fail) and Group 5 (Thickness and Qr Fail), which obtained
accuracies of 83.0% and 75.0%. Most of the misclassifications occurred between these two groups, where several
Group 4 samples were predicted as Group 5 and vice versa. This pattern is expected because both defect types
share similar Qr characteristics, and their KDE-augmented distributions have considerable overlap, making them
harder to distinguish. A few minor confusions also appeared between Group 3 and Group 7 due to similarities in
height values.

Overall, the RF model yielded an accuracy of 91.5%, and the low misclassification rates across most groups
demonstrate that RF can effectively learn to distinguish patterns of wheel-profile parameters. These results
confirm that Random Forest is robust for multiclass railway wheel defect classification, especially when classes
are balanced and feature variations are well represented.

3.3.2 Support Vector Machine

The confusion matrix in Fig. 11 shows that the Linear SVM classifier achieved strong performance across most
defect categories. Since the dataset was balanced prior to training, the results reflect the intrinsic separability of
the defect patterns rather than class-size effects. Group 2 (Thickness Fail) and Group 7 (Height and Qr Fail)
achieved 100% accuracy, indicating that these defect types align well with the linear decision boundary. Group 1
(All Fail) and Group 6 (Thickness and Height Fail) also performed well, each achieving 94.2% accuracy, while
Group 3 (Height Fail) reached 90.4%.

Linear SVM Confusion Matrix: Defect Types

Predicted

Fig. 11 Confusion matrix for Linear-Support Vector Machine model
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The most challenging defect types for SVM were the Qr-related categories. Group 4 (Qr Fail) obtained 86.8%
accuracy, while Group 5 (Thickness and Qr Fail) was lower at 80.8%. Misclassifications for these two groups
primarily occurred between each other, consistent with their overlapping Qr characteristics and similar geometric
distributions. Additional minor confusion occurred in Group 5, with several samples misclassified into Groups 1
and 4. Overall, Linear SVM yielded an accuracy of 92.4%, slightly outperforming the RF model. These results
demonstrate that SVM is suitable for multiclass wheel defect classification, although it is more sensitive to classes
with overlapping feature distributions, particularly those involving Qr-related defects.

3.3.3 K-Nearest Neighbors

The confusion matrix in Fig. 12 shows that the KNN classifier also achieved strong performance on the balanced
dataset. Group 2 (Thickness Fail) and Group 7 (Height and Qr Fail) were classified with 100% accuracy, indicating
that these defect types form well-separated clusters in the feature space. Group 1 (All Fail) and Group 6 (Thickness
and Height Fail) also performed very well, with accuracies of 98.1% and 94.2%, respectively, and only a few
samples misclassified into neighboring groups.

KNN Confusion Matrix: Defect Types

- 20

Predicted

Fig. 12 Confusion matrix for K-Nearest Neighbours model

The more challenging defect types for KNN were Group 3 (Height Fail), Group 4 (Qr Fail), and especially Group
5 (Thickness and Qr Fail). Group 3 reached an accuracy of 84.6%, with misclassifications mainly into Group 6 and
Group 7, which share similar characteristics. Group 4 (Qr Fail) achieved 86.8% accuracy, with errors primarily
assigned to Group 5 and Group 7, reflecting overlap in Qr patterns. Group 5 (Thickness and Qr Fail) had the lowest
accuracy at 76.9%, with several samples predicted as Group 1 (All Fail) and Group 4 (Qr Fail). This indicates that
KNN is more sensitive to local overlaps between classes that differ only by one parameter, particularly when their
neighborhoods in the feature space are close. Nonetheless, the KNN model achieved an accuracy of 91.5%,
compared to Random Forest. The strong performance for several classes confirms that the KDE-balanced dataset
preserves meaningful local structure, while the remaining misclassifications highlight the limitations of distance-
based methods in regions where defect types have highly overlapped geometric features.

3.4 Comparative Analysis

All three classifiers achieved strong and consistent performance, with accuracy exceeding 91%. The model
performance accuracy was primarily influenced by four key factors: (i) class distribution balance, (ii) feature
scaling, (iii) intrinsic geometric separability among defect categories, and (iv) algorithm-specific learning
behavior. The balanced dataset generated through KDE augmentation, combined with Z-score normalization,
contributed significantly to this stability by ensuring equitable class representation and proportional feature
influence in the decision space.

The confusion matrices (Figs. 10, 11 and 12) reveal that certain defect categories, such as Thickness Fail and
Height and Qr Fail, are geometrically well separated, resulting in perfect classification. In contrast, slightly lower
accuracy in Qr-related categories reflects geometric overlap between Qr Fail and Thickness and Qr Fail, indicating
intrinsic feature similarity rather than model weakness.
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As summarized in Table 3, Linear SVM achieved the highest overall accuracy (92.4%), with macro-averaged
precision, recall, and F1-score all exceeding 92%. This suggests that the normalized feature space exhibits near-
linear separability, allowing the maximum-margin boundary to effectively distinguish among the seven defect
classes. Random Forest and KNN both achieved 91.5% accuracy, demonstrating competitive and consistent
performance. The small performance differences among models further indicate that class imbalance was
effectively mitigated, enabling fair evaluation of each algorithm’s intrinsic learning behavior. High Selectivity
values (above 98%) across all models confirm strong discrimination capability, with minimal misclassification
between defect categories. In particular, the Linear SVM achieved 98.7% specificity, reducing the likelihood of
incorrect defect labeling, which is an important consideration for minimizing unnecessary maintenance actions.

Table 3 Performance comparison of the models

Model Recall (Sensitivity) (ggls(fitfli‘gg) Posilz?vlzeRate Precision F1-score
RF 0.915 0.986 0.014 0916 0.915
Linear SVM 0.924 0.987 0.013 0.924 0.923
KNN 0.915 0.985 0.015 0.917 0.914

A closer examination of the model behavior provides insight into why the Linear SVM achieved the highest
overall performance. SVM optimizes a maximum-margin hyperplane, which makes it highly effective when class
boundaries are approximately linear, as observed in the KDE feature space. Through maximizing the separation
between classes, SVM reduces overlap and minimizes misclassification in regions where defect groups exhibit
subtle geometric differences. In contrast, Random Forest relies on multiple decision trees that partition the feature
space into discrete regions. While this ensemble strategy offers robustness, it can struggle with fine linear
boundaries and may over-segment smooth distributions. KNN, being a distance-based classifier, is more sensitive
to local overlaps between classes, particularly when defect types differ by only one parameter. Although KNN and
RF still performed well, the Linear SVM benefited most from the augmented and well-structured dataset, enabling
it to form clearer class boundaries and achieve the highest accuracy among the three models.

3.5 Cross-Validation (5-Folds)

A 5-fold cross-validation was conducted to ensure the robustness and generalizability of the classifiers beyond a
single train-test split. The results were summarized in Table 4, providing a statistically stable estimation of model
performance across the entire KDE-augmented dataset of 1827 samples.

Table 4 Final 5-fold cross-validation results

Model Accuracy (Mean) Accuracy (Std)  Macro F1 (Mean) Macro F1 (Std)
RF 0.931 0.014 0.935 0.021
Linear SVM 0.905 0.018 0.883 0.015
KNN 0.905 0.016 0.885 0.014

As shown in Table 4, the RF model outperformed the other classifiers during cross-validation, achieving the
highest mean accuracy of 93.1% and a Macro F1-score of 93.5%. This shift in performance indicates that while
Linear SVM was highly effective on the initial split, the ensemble structure of RF provided superior stability and
generalization across different data partitions. The low standard deviation across all models (ranging from 0.0136
to 0.0176) confirms that the KDE-based augmentation successfully produced a statistically consistent dataset, as
the performance remained stable regardless of which fold was used for validation. This suggests that RF's
ensemble structure is more robust to the varied geometric signatures produced during the KDE augmentation
process.

4. Conclusion

This study presents a robust machine learning-based framework for the multiclass classification of seven railway
wheel defect conditions. A key contribution lies in the application of Kernel Density Estimation (KDE) to effectively
address severe class imbalance, enabling statistically realistic augmentation of minority defect categories and
facilitating unbiased model training.

Feature normalization further enhanced classification stability by ensuring proportional contribution of
geometric parameters within the decision space. The evaluation results demonstrate strong predictive
performance across all classifiers, with Random Forest achieving the highest generalization capability during 5-
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fold cross-validation, reaching a mean accuracy of 93.1% and a Macro F1-score of 93.5%. The low performance
variance across folds confirms the robustness and consistency of the proposed framework.

Overall, the findings underscore the effectiveness of combining statistically grounded data balancing with
structured multiclass learning for practical railway wheel defect identification. The framework provides a scalable
foundation for intelligent, condition-based maintenance systems. Future research will expand the feature set to
incorporate additional geometric parameters and multi-source real-world datasets, while exploring advanced
deep learning architectures to further enhance representation capability and real-time deployment potential.
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