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Abstract: Bearings are critical components in rotating machinery, where early fault detec-
tion is essential to prevent unexpected failures and reduce maintenance costs. This study
presents an efficient and interpretable framework for bearing condition monitoring by com-
bining the Wavelet Packet Transform (WPT)-based feature extraction with a Decision Tree
(DT) classifier. The WPT technique decomposes vibration signals into multiple frequency
bands to extract energy-based features that capture key fault characteristics. Leveraging
these features, the DT classifier provides transparent diagnostic rules, enabling a clear
understanding of the decision-making process. The proposed method offers a superior bal-
ance between diagnostic accuracy, computational efficiency, and explainability compared to
conventional black-box models. It is well suited for real-time and resource-constrained in-
dustrial applications. Furthermore, feature importance analysis reveals the most influential
frequency components associated with different fault types, offering valuable insights for
predictive maintenance strategies. The proposed WPT-DT framework represents a practical
and scalable solution for intelligent fault diagnosis in the context of Industry 4.0 and smart
maintenance systems.

Keywords: fault diagnosis; decision tree; machine learning; condition monitoring;
predictive maintenance

1. Introduction
Rotating machinery such as gearboxes, wind turbines, compressors, and railway

axles plays an indispensable role in industrial systems. Bearings, as critical components,
support rotational motion and load transfer. However, they are susceptible to localized
damage due to continuous mechanical stress. Even minor defects, such as spalls on races
or rolling elements, can lead to significant performance degradation or catastrophic failure
if undetected. Consequently, early and accurate bearing fault detection has become a major
research focus, especially with the shift toward predictive maintenance and intelligent
manufacturing. While traditional methods have relied heavily on expert knowledge
and threshold-based signal analysis, modern approaches increasingly adopt data-driven
techniques to identify weak and compound faults under varying operational conditions.
This transition is driven by the rising demand for real-time monitoring, fault prediction,
and cost-effective maintenance strategies, particularly for high-value, safety-critical assets.
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The emergence of artificial intelligence (AI) has profoundly reshaped mechanical fault
diagnosis, transitioning from traditional signal demodulation and statistical techniques to
machine learning (ML) and deep learning (DL) methods. These data-driven approaches
enable automatic feature extraction, robust performance under diverse conditions, and the
effective classification of both known and unseen fault patterns. A comprehensive review of
50 recent studies focusing on vibration-based condition monitoring reveals notable trends.
Among the 31 studies with clearly articulated methodologies, approximately 62% employed
AI-based approaches to enhance monitoring precision and predictive maintenance, whereas
38% continued to utilize traditional analytical techniques, such as time–frequency analysis,
empirical mode decomposition, and statistical modeling (Figure 1).

Figure 1. Distribution of AI vs. non-AI methods in recent fault diagnosis studies.

The increasing dominance of AI reflects its advantages in handling noisy, non-
stationary data and performing complex fault classification. Studies such as [1–3] ex-
plored adversarial learning for domain adaptation, while [4–6] applied CNN-based spatial–
temporal fusion of vibration and acoustic signals. Others [7–9] emphasized the shift from
manual feature engineering to deep feature learning through convolutional and attention
mechanisms. Despite their strengths, AI methods face critical limitations. Deep learning
models often require extensive labeled datasets and significant computational resources,
and typically lack interpretability. Studies [10–12] highlighted deployment challenges, par-
ticularly in embedded systems. Although lightweight alternatives using shallow networks
have been proposed [13–15], many still operate as black boxes, impeding transparency
and trustworthiness. Meanwhile, the performance of Support Vector Machines (SVMs)
heavily depends on the chosen kernel function and its parameters, such as the RBF kernel’s
γ value [16].

These challenges have renewed interest in interpretable models such as Decision Trees,
which offer transparency, efficiency, and generalizability, making them suitable for indus-
trial applications. Furthermore, successful diagnostic research must align methodological
choices with the specific dynamic behaviors and fault signatures of components like bear-
ings, gears, rotors, planetary gearboxes, and wind turbines. Among the 38 reviewed
studies, 35 explicitly stated their diagnostic targets. Bearings dominated with 16 studies,
followed by gears (8 studies), planetary gearboxes (5 studies), and wind turbines (3 studies)
(Figure 2). This emphasis reflects both the critical role of bearings in industrial systems and
the wide availability of benchmark datasets such as CWRU, Paderborn, and Southwest
Jiaotong University.
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Figure 2. Percentage of papers by component type investigated.

Bearings are particularly significant due to their ubiquity, criticality, and the subtlety of
early failure signatures, which make early detection challenging but essential. Researchers
have explored a wide range of AI and non-AI methods for bearing fault diagnosis. For in-
stance, studies [7,9,17] integrated sound and vibration fusion, while [6,18,19] leveraged
multi-scale CNNs for multi-dataset fault classification. Studies [1,2,11] addressed domain
adaptation, while [14,20,21] focused on adaptive signal processing. Conversely, studies on
gears (e.g., [22–25]), planetary gearboxes (e.g., [26–28]), and wind turbines (e.g., [10,29,30])
addressed unique challenges such as compound meshing faults, complex modulations,
and variable-speed conditions. Although less common, studies on gas turbines [31], sen-
sors [32], and rotors [33] further demonstrated the diversity of mechanical applications.

While deep learning-based diagnostics have driven significant progress, persistent
issues remain. Deep models require vast labeled datasets [6,8,25], have high computational
costs, and suffer from a lack of interpretability [10–12]. Despite attempts at model simplifi-
cation through lightweight CNNs [13], shallow–deep hybrids [14], and adaptive parameter
reduction [15], a fundamental trade-off between explainability, robustness, and deploy-
ment feasibility remains unresolved. Traditional diagnostic methods, including envelope
analysis [20,22,34], EMD and EEMD decomposition [21,33,35], and statistical feature-based
classification [12], offer better interpretability and lower computational requirements. How-
ever, they often struggle with non-stationary signals, noise sensitivity, and poor adaptability
under variable conditions [27,29,33]. In response to these challenges, this study proposes a
bearing fault classification framework based on the Decision Tree (DT) algorithm, aiming
to bridge the gap between explainability, efficiency, and diagnostic performance. Unlike
black-box models, DTs provide hierarchical if–then rules, offering clear interpretability and
fast inference, which are crucial for real-time, resource-constrained industrial environments.
Previous research in fields such as biomedical signal classification [26] and structural health
monitoring [36] has demonstrated the promise of DTs for interpretable and lightweight
diagnostic tasks.

Although ensemble-based tree methods like Random Forests [37] and Gradient Boost-
ing [24] have been explored, standalone Decision Trees have received limited attention
for bearing diagnostics. This study addresses this gap by demonstrating that a simple
DT classifier, trained on WPT-derived energy features extracted from vibration signals,
can achieve highly effective bearing fault classification while maintaining complete trans-
parency and a low computational overhead. Bearings account for approximately 30–40%
of machine failures, making their reliable condition monitoring critical. An analysis of
44 recent studies (Figure 2) shows that bearing-related research constitutes the largest share



Machines 2025, 13, 467 4 of 20

(46%) among rotating machinery components. Bearing failures not only result in costly
repairs and downtime but also pose significant safety risks, such as catastrophic failures in
wind turbines and helicopter transmissions. These challenges underscore the necessity of
developing practical, efficient, and interpretable diagnostic methods.

To address the aforementioned limitations of both traditional and deep learning-based
diagnostic methods, this study proposes an efficient and explainable approach for bearing
condition monitoring. By combining Wavelet Packet Transform (WPT)-based energy feature
extraction with a Decision Tree (DT) classifier, the proposed framework aims to achieve a
balanced solution that ensures diagnostic accuracy, computational efficiency, and model
interpretability. This approach not only reduces reliance on large labeled datasets and
intensive computational resources but also provides transparent decision-making processes,
making it particularly suitable for real-time, resource-constrained industrial applications.
To the best of the authors’ knowledge, this is the first application of the wavelet-packet
transform combined with a decision-tree algorithm for bearing fault diagnosis, yielding
promising results.

The major contributions of this study are summarized as follows: Firstly, a lightweight
and fully interpretable framework for bearing condition monitoring is developed by inte-
grating Wavelet Packet Transform (WPT)-based energy feature extraction with a Decision
Tree (DT) classifier, offering an efficient and explainable alternative to complex black-
box models. Secondly, utilizing energy distributions across multiple frequency bands,
the proposed method enhances the discrimination of different fault types, enabling fast and
reliable classification under diverse operational conditions. Thirdly, the approach empha-
sizes model transparency through feature importance analysis, offering valuable insights
into the diagnostic process and supporting practical deployment in real-time, resource-
constrained industrial environments. Finally, validation using publicly available bearing
datasets confirms the effectiveness and scalability of the proposed WPT-DT framework for
intelligent predictive maintenance applications.

The remainder of this paper is organized as follows: Section 2 presents the pro-
posed methodology, including the Wavelet Packet Transform for feature extraction and
the Decision Tree classification approach. Section 3 describes the experimental setup, data
preparation, model training procedures and experimental results, including performance
evaluation and feature importance analysis. Finally, Section 4 concludes the paper and
outlines potential directions for future research.

2. Methodology
2.1. Wavelet Packet Transfrom

The Wavelet Packet Transform builds upon the traditional Wavelet Transform, offering
a sophisticated approach to signal processing. In contrast to the Discrete Wavelet Transform
(DWT), which limits its decomposition to only the approximation coefficients at each
stage, WPT processes both the approximation and detail coefficients further. This creates a
complete binary tree structure of subbands, referred to as the wavelet packet tree as shown
in Figure 3. Through this layered decomposition, WPT achieves a more detailed breakdown
of frequency bands than DWT, leading to improved clarity in both the time and frequency
domains. Its ability to repeatedly divide both coefficient types makes WPT especially adept
at handling transient and non-stationary signals, such as those found in fault diagnosis
scenarios. The mathematical basis of the wavelet packet transform for a signal x(t) is
outlined in Equation (1), highlighting its role in multi-resolution analysis. This capability
to explore a broader range of signal features makes WPT a versatile tool for complex
signal characterization.
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Figure 3. Procedure for signal decomposition using wavelet packet transform [38]. Note: A is
approximate information, D is detailed information, H is low-pass filter, and G is high-pass filter.

xn,j
p = 2−j/2

∫ +∞

−∞
x(t)µn

(
2−jt − p

)
dt (1)

The function µn(t) represents the wavelet packet, where j indicates the decomposition
level, also known as the scale parameter; p denotes the position parameter; and n refers to
the number of packets resulting from the decomposition process. For a given signal x(t),
decomposed using WPT, the decomposition is expressed as

W j+1
2n (t) =

√
2

+∞

∑
l=−∞

h[l]W j
n(t − 2jl) (2)

W j+1
2n+1(t) =

√
2

+∞

∑
l=−∞

g[l]W j
n(t − 2jl) (3)

Quadrature Mirror Filters (QMFs) are operators g and h where their Z-transform,
G and H, respectively, need to meet the following orthogonality requirements:

HG∗ = GH∗

HH∗ = GG∗ = I
(4)

Compared to using the decomposition coefficients directly, the energy calculation
method of each packet from the decomposition WPT is a more reliable signal representation.
The following provides the energy related to the wavelet packet decomposition:

Ei =
∫ +∞

−∞
xi

j(t)dt (5)

The total energy of the signal is expressed as

Etot =
2j

∑
i=1

Ei (6)

Ei is a description of each subband’s energy. The energy of each packed wavelet is
represented by the normalized energy value, which is provided by

Pl =
Ei

Etot
(7)

where Pl denotes the probability distribution of energy in each subband.
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2.2. Decision Tree

Classification and Regression Trees (CARTs) is a supervised machine learning algo-
rithm used for classification and regression tasks by constructing a binary Decision Tree
structured as shown in Figure 3. CART systematically partitions data into subsets based
on feature values, with each node representing a decision rule. The core objective is to
minimize the impurity in the nodes, which is mainly measured by the Gini impurity index
for classification problems.

Figure 4 is an example hierarchy with three levels. The Gini impurity index quan-
tifies the likelihood of misclassification when randomly assigning a class based on class
distributions within a dataset. It is calculated for dataset D as follows:

Gini(D) = 1 −
c

∑
i=1

p2
i (8)

where we have the following:

- pi is the proportion of samples belonging to class i in the dataset D.
- c is the total number of classes (four classes in this study: normal, outer race fault,

inner race fault, and ball fault).

Figure 4. An example hierarchy with three levels.

A Gini impurity of 0 indicates perfect classification (all samples belong to one class),
while a value close to 1 indicates high impurity and poor classification.

In CART, the selection of optimal splits at each node directly relies on the Gini impurity
index. The algorithm evaluates all possible splits across features, selecting the split that
maximally reduces the Gini impurity, thereby improving the clarity and predictive accuracy
of the tree. The impurity reduction (∆ Gini ) for a binary split is computed as

∆ Gini = Gini(D)−
(
|DL|
|D| Gini(DL) +

|DR|
|D| Gini(DR)

)
(9)

where we have the following:

- D is the original dataset at the node.
- DL and DR are the left and right child nodes after the split, respectively.
- |D|, |DL|, and |DR| represent the number of samples in each respective dataset.

Lower Gini values lead to a clearer separation between classes, resulting in more accu-
rate predictions and simpler decision rules. Conversely, higher Gini values indicate ambiguity
and complexity within nodes, often requiring deeper trees for adequate classification.

This splitting continues recursively until meeting one of the following stopping criteria:

- All samples within a node belong to the same class.
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- The number of samples in a node falls below a minimum threshold (typically set to 2
by default in scikit-learn).

- The maximum allowable tree depth is reached.

Each leaf node ultimately represents a specific predicted class, facilitating clear diag-
nostic interpretation.

2.3. Implementation Process Diagram

The block diagram of the proposed WPT-DT-based bearing fault diagnosis framework
is shown in Figure 5. The method involves three key steps: First, vibration signals and
rotation speeds are acquired from the gearbox. Second, these signals are processed using
the WPT algorithm to extract relevant features. Finally, a decision tree model is trained and
tested using these features for real-time bearing fault classification.

(a) (b)

Figure 5. WPT-DT framework for bearing fault diagnosis: (a) Data acquisition using an accelerometer
and tachometer to collect gearbox vibration and speed data. (b) Fault diagnosis workflow: data
acquisition, WPT feature extraction, DT model training, and gearbox condition prediction.

3. Experimental Test
3.1. Experimental Setup and Dataset

The data used in this study are taken from the Case Western Reserve University Bear-
ing Dataset [39]. The experimental setup is shown in Figure 6, and includes a 2 HP motor
(left), a torque transducer/encoder (center), and a dynamometer (right), with the motor
shaft supported by an SKF 6205-2RSJEM ball bearing. Vibration data are collected using
accelerometers placed at the housing of the drive end and fan end of the motor, operating
at rotational speeds of 1797, 1772, 1750, and 1730 rpm. To simulate a range of industrial
operating conditions, the test rig is subjected to four distinct loading conditions—0, 1, 2,
and 3 horsepower (HP)—applied via the dynamometer, which controls the mechanical load
on the motor shaft. These loads correspond to no-load, low-load, medium-load, and high-
load scenarios, respectively, reflecting typical operational states in industrial machinery
such as gearboxes or compressors. The variation in loading conditions ensures that the
proposed WPT-DT framework is evaluated across diverse mechanical stresses, enhancing
its applicability to real-world scenarios where bearings operate under fluctuating loads.
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(a) (b)

Figure 6. Experimental setup for bearing fault diagnosis: (a) The test rig from the Case Western
Reserve University Bearing Dataset. (b) Schematic diagram showing the arrangement of the motor,
transducer, and dynamometer for bearing vibration data collection.

The test rig is housed in an acoustically insulated and vibration-damped chamber to
mitigate ambient noise and external vibrations, which could obscure fault-related signa-
tures. Electromagnetic interference is minimized through shielding and grounding of the
data acquisition system, including accelerometers and the transducer/encoder. The motor
and dynamometer are calibrated before each experiment to maintain consistent operating
conditions, and a sampling frequency of 48 kHz is employed with a high-pass filter to
eliminate low-frequency mechanical noise, ensuring that the collected signals accurately
reflected bearing conditions. These measures enhance the reliability and reproducibility of
the dataset across all tested loads and speeds, making it suitable for robust fault diagnosis.

3.2. Training Process
3.2.1. Signal Preprocessing

The bearing faults are introduced using electro-discharge machining, creating round
pits of 11 mils depth and 7, 14, or 21 mils diameter on the inner race, outer race, or rolling
element. The dataset encompasses four bearing conditions: normal (N), ball fault (BA),
inner race fault (IR), and outer race fault (OR), as detailed in Table 1, with each condition
tested under all combinations of loads and speeds to ensure comprehensive coverage
of operational states. Figure 7 illustrates the vibration signals from the CWRU dataset
for these bearing conditions at different loads, which are used for feature extraction and
Decision Tree (DT) training.

Vibration signals from the CWRU dataset, sampled at 48 kHz, are processed using
Wavelet Packet Transform (WPT) to extract fault-relevant features for the Decision Tree
(DT) model. WPT decomposes the signals into subbands across six decomposition levels,
yielding seven refined frequency bands: 0–375 Hz, 375–750 Hz, 750–1500 Hz, 1500–3000 Hz,
3000–6000 Hz, 6000–12,000 Hz, and 12,000–24,000 Hz. Energies are computed along the
diagonal path of the WPT tree, reducing the feature set to 7 while preserving comprehensive
signal information for classification. The signal processing workflow using WPT on the
CWRU dataset is depicted in Figure 8, highlighting the decomposition process across the
specified frequency bands.

Table 1. Description of the rolling element bearing dataset.

Load (HP) Speeds (rpm) Fault Type Fault Diameters (mils) Class Label

0 & 1 & 2 & 3 1797 & 1772 & 1750 & 1730 Normal 0 N
0 & 1 & 2 & 3 1797 & 1772 & 1750 & 1730 Ball Fault 7 & 14 &21 BA
0 & 1 & 2 & 3 1797 & 1772 & 1750 & 1730 Inner Race 7 & 14 &21 IR
0 & 1 & 2 & 3 1797 & 1772 & 1750 & 1730 Outer Race 7 & 14 &21 OR
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Figure 7. Vibration signals from the CWRU dataset for bearing conditions at different loads, used for
feature extraction and DT training.

Figure 8. Signal processing using Wavelet Packet Transform (WPT) on the CWRU dataset.

The selection of decomposition level 6 and the frequency bands is motivated by the en-
hanced frequency resolution, improved classification accuracy, and computational efficiency.
With a Nyquist frequency of 24 kHz, level 6 decomposition generates 26 = 64 subbands,
each with a bandwidth of (24,000 Hz/64 = 375 Hz). This finer resolution enables the precise
capture of fault characteristic frequencies (FCFs) of the SKF 6205-2RSJEM bearing, such as
the Ball Pass Frequency Outer race (BPFO, ≈ 103.5 Hz) and Inner race (BPFI, ≈ 157.5 Hz)
at rotational speeds of 1730–1797 rpm, within the 0–375 Hz and 375–750 Hz bands [30].
The 750–1500 Hz band targets FCF harmonics, while the 1500–3000 Hz and
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3000–6000 Hz bands capture early-stage fault signatures and defect-induced modulations
critical for Inner Race Faults (IRs) and Ball Faults (BAs) [21,40]. The 6000–12,000 Hz band
addresses high-frequency resonances from severe defects (14–21 mils), and the 12,000–24,000 Hz
band evaluates noise, contributing minimally (importance = 0.02) [41].

Level 6 decomposition is selected to optimize performance as supported by empirical
analysis (Figure 9), achieving approximately 95.83% accuracy with a computation time
of around 288.92 s, outperforming level 5 (95.16% accuracy, 102.13 s) and level 7 (96.54%
accuracy, 627.53 s). The 375 Hz resolution enhances the detection of subtle fault signatures,
particularly in the 375–1500 Hz range for Outer Race Faults (ORs), reducing misclassifi-
cation [42]. Despite generating 64 subbands, extracting energies along the diagonal path
reduces the feature set to seven, mitigating overfitting risks in the DT model while main-
taining a low inference time of 0.5022 s (Table 2). This approach ensures that comprehensive
signal information is retained across all frequency bands, aligning with WPT-based diag-
nostic studies [38]. This choice ensures robust fault detection with computational efficiency
suitable for real-time industrial applications.

Figure 9. WPT time computation and accuracy of Decision Tree model across decomposition levels.

Table 2. Classification performance and computational time comparison.

Model Variation Accuracy Precision Recall F1-Score Time Computation (s)

Decision Tree 95.83% 95.84% 95.83% 95.83% 0.5022
SVM 95.01% 95.22% 94.90% 94.98% 2.8126
FFW 86.72% 87.01% 86.50% 86.72% 69.3481

3.2.2. Splitting Data

Following the preprocessing stage, the preprocessed signal data are divided into three
distinct subsets: a training set, a test set, and a validation set. This division aims to build
a decision tree model with good generalization capabilities and to evaluate the model’s
performance objectively.

• Training set: Contains the majority of the data and is used to train the decision tree
model. The model learns patterns and relationships from these data to make predictions.
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• Validation set: This set is used to adjust the hyperparameters of the model during
the training process. Using a validation set helps prevent overfitting, which is when
the model learns the training data too well and cannot generalize well to new data.

• Test set: This set is a separate dataset that the model has never seen during training.
It is used to evaluate the final performance of the model after it has been trained
and optimized.

The data splitting is performed randomly and at appropriate ratios to ensure the
representativeness of the subsets. The detailed data splitting is described in Table 3. The use
of these three datasets helps ensure that the decision tree model not only performs well
on the training data but also has good generalization capabilities on new data, thereby
enhancing the model’s reliability in bearing fault detection.

Table 3. The details of data splitting.

Fault Type Class Label Training (Sample) Validation (Sample) Test (Sample)

Normal N 513 73 242
Ball Fault BA 1545 221 728
Inner Race IR 1491 213 702
Outer Race OR 1546 221 728

3.3. Result and Discussion

This section presents the details of the Decision Tree model training process and the
evaluation results of the model’s performance on the bearing vibration signal data. We also
compare the model’s performance with other methods.

3.3.1. Model Training

During the training of the Decision Tree model on bearing vibration signal data,
we focus on fine-tuning crucial hyperparameters based on the dataset’s characteristics,
the five WPT-derived features to achieve optimal classification performance. The ccp_alpha
parameter, which controls the tree’s complexity through cost-complexity pruning, receives
particular attention. A larger ccp_alpha parameter value leads to more aggressive pruning,
resulting in a simpler model that reduces the risk of overfitting but may decrease accuracy
on the training set. Conversely, a smaller ccp_alpha parameter value allows the tree to retain
more branches, increasing complexity and potentially leading to overfitting if not carefully
managed. Other hyperparameters used during training include max_depth, which limits
the maximum depth of the tree to prevent overfitting; min_samples_lea f , the minimum
number of samples required in a leaf node; and min_samples_split, the minimum number
of samples required to split an internal node.

The hyperparameters are chosen based on the CWRU dataset as outlined in Table 3,
alongside the requirement to classify four distinct fault types—normal, ball fault, inner
race fault, and outer race fault as detailed in Table 1. The dataset’s characteristics and the
need to differentiate these four classes justifies using an unrestricted maximum depth with
no limit, a minimum of one sample per leaf node, and a minimum of two samples to split
a node, along with testing ccp_alpha parameter across a range from 0 to 0.7, to maximize
accuracy, achieving 96.33% as shown in Table 2, while ensuring balanced generalization as
validated by Figure 10.
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Figure 10. Effect of the ccp_alpha hyperparameter on Decision Tree accuracy.

Figure 11 presents the overall structure of the trained Decision Tree, illustrating the
data-splitting process and the formation of nodes based on the features extracted from the
bearing vibration signal data.

The Decision Tree model training process involves selecting appropriate features and
building the tree structure through recursive data partitioning. At each node, the CART
algorithm searches for the best feature and threshold value to split the data into two child
nodes, aiming to optimize the Gini impurity of the child nodes. This process continues
until the stopping criteria are met, such as the maximum depth of the tree (max_depth) or
the minimum number of samples in a leaf node (min_samples_leaf).

Figure 11. Decision Tree structure. The diagram shows the root node-splitting process based on the
energy values.

The nodes in the tree contain information about the data-splitting conditions, Gini
impurity, the number of data samples, and class distribution. The root node contains the
entire training data and is split based on the most important feature. Intermediate nodes
continue the data-splitting process, while leaf nodes contain data samples belonging to the
same class.

3.3.2. Result Analysis

The classification performance of the DT model is visualized through the confusion
matrices in Figure 12. The results demonstrate a high degree of accuracy across all fault
categories (normal, ball fault, inner race fault, and outer race fault), with minimal misclassi-
fication. A slight confusion between IR and OR faults is noted, aligning with the challenge
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of distinguishing these faults due to overlapping vibration patterns. This issue is evident
with about 2.8% of IR samples (approximately 20 out of 702) misclassified as OR, and a
similar rate for OR samples (about 20 out of 728) as supported by the dataset distribution
in Table 3. Key contributing factors include (1) combining faults of varying severities (7, 14,
and 21 mils, per Table 1) into one class, which obscures distinct vibration features; (2) the
375 Hz bandwidth of WPT level 6 being insufficient to resolve subtle frequency differences,
especially for minor faults; and (3) weaker fault signals under low-load conditions. Nev-
ertheless, the overall model performance achieves an accuracy of 95.83%, confirming the
effectiveness of the proposed WPT-DT framework.

Further insights into the model’s decision-making process are provided by the feature
importance analysis presented in Figure 12. The energy content in the 3–6 kHz frequency
band (Band 5) is identified as the most influential feature, accounting for approximately
35% of the decision-making contribution. This frequency range typically corresponds
to localized defect-induced modulations, particularly from the inner race or rolling ele-
ments. The 1.5–3 kHz band (Band 4), which shows the second-highest importance (25%), is
closely associated with early-stage fault energy signatures, especially for outer race defects.
The 0–1.5 kHz band (Band 3), the 6–12 kHz band (Band 1), and the 12–24 kHz band (Band 2)
also contribute meaningfully, reflecting high-frequency resonances generated by severe
defects. The minor contribution from the 24–48 kHz band (Band 6) and the 48–96 kHz band
(Band 7) suggests that very high-frequency components are less discriminative for the fault
types in this study.

The transparency provided by the DT structure and feature importance analysis not
only enhances model explainability but also enables maintenance engineers to prioritize
monitoring specific frequency bands, optimizing sensor deployment and data acquisition
strategies. The confusion matrix in Figure 12 illustrates the classification performance of
the proposed Decision Tree (DT) model across four bearing conditions: normal, ball fault,
inner race fault, and outer race fault. The model achieves high classification accuracy,
with minimal misclassification observed between fault classes, particularly among the
inner and outer race faults. Most predictions align well with the true labels, indicating
the model’s strong ability to distinguish between the subtle vibration patterns associated
with different fault types. This high fidelity is further supported by the model’s overall
accuracy of 95.83%, as well as the precision, recall, and F1-scores all exceeding 95% (Table 2).
The balanced performance across all metrics demonstrates that the DT model effectively
generalizes across various fault conditions and operating states. These results confirm that
the interpretable and lightweight DT-based framework can serve as a reliable alternative to
more complex models for real-time fault classification.

Figure 12. Confusion matrices of the Decision Tree model. The matrices display the classification
performance on the training (left) and test (right) sets for normal (N), ball fault (BA), inner race fault
(IR), and outer race fault (OR) conditions.
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Figure 13 presents the feature importances derived from the trained Decision Tree
model, highlighting which input features most significantly influence the classification
decision. Unlike black-box models, the Decision Tree provides a transparent hierarchy of
features, allowing practitioners to trace how specific energy components from wavelet
packet decomposition contribute to fault classification. This interpretability is a key advan-
tage of Decision Trees as an explainable AI (XAI) method, enabling engineers to understand,
validate, and trust the model’s decisions, particularly in safety-critical applications. For in-
stance, the ability to identify dominant frequency bands linked to specific fault types
supports informed maintenance planning and root cause analysis. Moreover, feature im-
portance analysis can guide sensor placement and data acquisition strategies by focusing
on the most informative signal components.

Figure 13. Feature importance of the Decision Tree model. The bar chart highlights the significance of
energy features in different frequency bands (Band 1 to Band 7) for bearing fault classification.

An examination of the decision tree structure (Figure 11) reveals that at the root node,
the energy in the 1.5–3 kHz frequency range (Band 4) is used to effectively distinguish
between normal and faulty samples. Specifically, samples with Band 4 energy values less
than or equal to 0.01 are classified as normal (513 samples), while those with higher energy
values are identified as faulty (4580 samples). This initial split underscores the critical role
of the 1.5–3 kHz frequency range in early fault detection.

The feature importance analysis (Figure 13) further reveals that the signal energy in
the 3–6 kHz frequency range (Band 5) exhibits the highest importance in bearing fault
classification, with an importance value of 0.35. This indicates that the energy in this
frequency band provides the most significant discrimination between different fault types.

The 1500–3000 Hz frequency range (Band 4), with an importance value of 0.25,
holds the second-highest importance. As highlighted by the decision tree structure, en-
ergy values in this range effectively distinguish normal signal samples from faulty ones,
confirming that this frequency band contains crucial diagnostic information for bearing
condition assessment.

The 750–1000 Hz range (Band 3), the 0–375 Hz range (Band 1), and the 750–1500 Hz
range (Band 2) also contribute meaningfully, with importance values of 0.12, 0.11, and 0.11,
respectively, reflecting their roles in capturing fault-related signatures. Meanwhile, the
6000–12,000 Hz range (Band 6) and the 12,000–24,000 Hz range (Band 7) have lower impor-
tance (importance = 0.04 and 0.02), suggesting a limited contribution to fault classification.

These findings demonstrate the efficacy of energy analysis based on Wavelet Packet
Transform (WPT) combined with the Decision Tree (DT) methodology. The approach
not only enables accurate fault classification but also provides critical insights into the
characteristic frequency bands associated with different bearing conditions. By identifying
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distinctive energy distributions across frequency ranges, the method supports advanced
condition monitoring strategies for predictive maintenance in industrial machinery systems.

3.3.3. Comparative Evaluation

Table 2 summarizes the comparative performance of the proposed Decision Tree (DT)
model against the Support Vector Machine (SVM) and Feedforward Neural Network (FFW)
classifiers. The DT model achieved the highest classification accuracy (95.83%), surpassing
SVM (95.01%) and significantly outperforming FFW (86.72%). In addition to accuracy,
the DT also demonstrates superior precision, recall, and F1-score, all exceeding 95%.

Moreover, the DT model exhibits exceptional computational efficiency, with a training
time of only 0.502 seconds, compared to 2.5478 seconds for SVM and 62.2951 seconds for
FFW. This outstanding balance between high diagnostic performance and low computa-
tional cost highlights the practicality of the DT model for real-time condition monitoring in
industrial environments.

The superior results of the DT model can be attributed to its effective utilization of
WPT-extracted features, which capture critical fault-related signal characteristics, and to
its simple, hierarchical decision-making structure. Unlike SVM, which requires kernel
transformations, or FFW, which demands extensive parameter tuning and training epochs,
the DT leverages a straightforward architecture to achieve both high performance and
full interpretability. This makes it highly attractive for intelligent predictive maintenance
applications under resource-constrained scenarios.

3.4. Validation on an Independent Dataset

To evaluate the generalization capability and real-world efficacy of the proposed
method, an independent experiment was conducted on a dataset distinct from CWRU. This
aimed to validate the model’s applicability and reliability under disparate data conditions.

The second dataset used originates from the Human Lab, Center for Noise and Vi-
bration Control Plus, Department of Mechanical Engineering, Korea Advanced Institute
of Science and Technology (KAIST) [43], and includes vibration and current signals of
rolling element bearings under normal conditions, as well as with inner race (IR), outer
race (OR), and ball (BA) faults. This dataset includes vibration and current signals from
rolling element bearings under normal conditions (N) and with three fault types: ball fault
(BA), inner race fault (IR), and outer race fault (OR). The data were collected under no-load
conditions at a stable rotational speed of 3010 rpm, with vibration signals sampled at
25.6 kHz and segmented into 2048 samples per segment, consistent with the preprocessing
approach used for the Case Western Reserve University (CWRU) dataset.

3.4.1. Experimental Setup and Data Processing

The KAIST dataset, as detailed in Table 4, includes four bearing conditions (N,
BA, IR, OR) under a single operating condition (0 HP, 3010 rpm). The vibration signals
were processed using the same WPT-based feature extraction methodology applied to the
CWRU dataset. Specifically, the signals were decomposed into six levels using WPT, yield-
ing seven frequency bands: 0–200 Hz, 200–400 Hz, 400–800 Hz, 800–1600 Hz, 1600–3200 Hz,
3200–6400 Hz, and 6400–12,800 Hz (adjusted for the 25.6 kHz sampling rate, with a Nyquist
frequency of 12.8 kHz). Energies were computed along the diagonal path of the WPT tree
to extract seven energy-based features, ensuring consistency with the CWRU preprocess-
ing pipeline.
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Table 4. The details of KAIST data.

Load (HP) Speed (rpm) Fault Type Class Label

0 3010 Normal N
0 3010 Ball Fault BA
0 3010 Inner Race IR
0 3010 Outer Race OR

3.4.2. Results and Analysis

The effectiveness of the WPT-DT framework on the KAIST dataset is demonstrated
through the analysis of the confusion matrix and feature importance plot, which validate its
perfect classification performance and highlight its interpretability. The confusion matrix
(Figure 14) shows flawless classification, with 100% accuracy across all fault categories (N,
BA, IR, and OR) as evidenced by zero misclassifications. This perfect separation contrasts
with the CWRU results, where minor overlaps between IR and OR faults (approximately
2.8% misclassification) were observed due to similar vibration patterns. The KAIST dataset’s
clear fault signatures, likely amplified by the high rotational speed (3010 rpm) and no-
load condition, enabled the pretrained DT model to accurately distinguish all bearing
conditions. The high-resolution WPT decomposition (200 Hz bandwidth at level 6, adjusted
for 25.6 kHz sampling) effectively captured subtle fault characteristics, contributing to
this exceptional performance. To further illustrate the decision-making process, Figure 15
presents the structure of the Decision Tree trained on the KAIST dataset. It highlights how
the model splits nodes based on WPT-derived energy values, effectively separating normal
and faulty bearing conditions using the most discriminative frequency bands, such as the
1600–3200 Hz range (Band 5), which aligns with the feature importance analysis.

Figure 14. Confusion matrices of the Decision Tree model on the KAIST dataset.

The feature importance plot (Figure 16) provides critical insights into the model’s
decision-making process, emphasizing its interpretability. The 1600–3200 Hz band
(Band 5) is the most influential feature, contributing 67% to the classification decisions,
followed by the 3200–6400 Hz band (Band 6) at 33%. Notably, the remaining frequency
bands—0–200 Hz (Band 1), 200–400 Hz (Band 2), 400–800 Hz (Band 3), 800–1600 Hz
(Band 4), and 6400–12,800 Hz (Band 7)—contribute 0% to the decision-making process,
indicating that fault-related signatures in the KAIST dataset are exclusively concentrated
in the mid-to-high frequency ranges of 1600–6400 Hz. This distribution aligns with the
physical characteristics of bearing faults, where localized defects in high-speed operations
(3010 rpm) generate significant energy in these frequency bands, particularly for inner race
and ball faults. The dominance of Bands 5 and 6 underscores the effectiveness of WPT in
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extracting discriminative features, enabling the DT model to focus on the most relevant
signal components for accurate fault classification.

Figure 15. Decision Tree structure for the KAIST dataset, illustrating the node splitting process based
on WPT-derived energy values.

Figure 16. Feature importance of the Decision Tree model for the KAIST dataset.

4. Conclusions and Future Work
This study proposes an efficient and interpretable framework for bearing fault diag-

nosis, integrating Wavelet Packet Transform (WPT) for feature extraction with a Decision
Tree (DT) classifier, herein referred to as the WPT-DT framework. Experimental results on
the benchmark Case Western Reserve University (CWRU) dataset demonstrate that the
framework achieves a classification accuracy of 95.83%, surpassing traditional machine
learning methods such as Support Vector Machines (SVMs, 95.01%) and Feedforward
Neural Networks (FFWs, 86.72%). Additionally, the framework exhibits exceptional com-
putational efficiency, with a training time of 0.5022 s, significantly lower than 2.8126 s for
SVM and 69.3481 s for FFW. Validation on an independent KAIST dataset further reinforces
the framework’s robustness, achieving a perfect classification accuracy of 100% under
no-load conditions at 3010 rpm, highlighting its generalizability across diverse datasets
and operating conditions.

The WPT-DT framework offers several key contributions. First, the transparency of
the DT model, facilitated by its “if–then” decision rules, enables engineers to trace the diag-
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nostic process and prioritize critical frequency bands (e.g., the 3–6 kHz band, contributing
35% to feature importance with CWRU dataset). This contrasts with complex deep learning
models, which often lack interpretability and require substantial computational resources.
Second, the integration of WPT and DT represents an innovative approach, leveraging
the superior frequency resolution of WPT to capture subtle fault characteristics and the
simplicity of DT to ensure computational efficiency. Third, feature importance analysis
provides valuable insights into the frequency components associated with different bearing
fault types, supporting predictive maintenance strategies in smart manufacturing systems.

In the context of recent research, advanced deep learning approaches, such as those
employing relational mechanisms or domain adaptation techniques, have made significant
strides in diagnosing faults in rotating machinery, particularly for handling imbalanced data
or diverse operating conditions [44–46]. However, these methods typically demand large
datasets, high computational resources, and lack transparency, limiting their deployment in
embedded systems or real-time applications. In contrast, the WPT-DT framework offers a
lightweight, efficient, and interpretable solution, making it ideal for industrial applications
where transparency and performance are paramount.

For practical implementation, several challenges must be addressed. Optimal sensor
placement near critical components, such as bearing housings, is essential to acquire high-
quality vibration data in noisy industrial settings. Advanced data acquisition strategies,
such as bandpass filtering or wavelet-based denoising techniques, can enhance diagnostic
accuracy. Moreover, integrating the framework with existing maintenance systems, such as
CMMS or SCADA, via standard protocols like OPC UA or MQTT, will enable real-time
fault alerts and automated maintenance workflows.

Future research will focus on enhancing the framework’s generalizability through
domain adaptation techniques to address diverse operating conditions and machinery
types. Exploring ensemble methods, such as Random Forests or Gradient Boosting, may
improve accuracy while maintaining acceptable interpretability. Additionally, validating
the framework on real-world industrial datasets with multi-sensor inputs and deploying it
within industrial IoT platforms will strengthen its robustness and practical applicability.
These advancements will solidify the WPT-DT framework as a comprehensive solution
for intelligent fault diagnosis, balancing performance, transparency, and practicality in
industrial systems.

Author Contributions: T.-D.N.: Writing—original draft, Writing—review and editing, Formal Analy-
sis, Investigation, Methodology, Software, Funding acquisition. T.-H.N.: Conceptualization, Formal
Analysis, Investigation, Methodology, Software, Writing—original draft, Writing—review and editing,
Supervision, Validation. D.-T.-B.D.: Conceptualization, Investigation, Software, Visualization, Writ-
ing—original draft, Data curation. T.-H.P.: Writing—review and editing, Visualization, Data curation.
J.-W.L.: Data curation, Methodology, Resources, Validation, Writing—review and editing. P.-D.N.:
Writing—review and editing, Visualization, Data curation, Project administration, Supervision. All
authors have read and agreed to the published version of the manuscript.

Funding: This research is funded by Hanoi University of Science and Technology (HUST) under
project number T2024-PC-018.

Data Availability Statement: All data and results are contained within the article.

Conflicts of Interest: The authors declare no conflict of interest.



Machines 2025, 13, 467 19 of 20

References
1. Wu, F.; Xiang, Z.; Xiao, D.; Hao, Y.; Qin, Y.; Pu, H.; Luo, J. Adversarial-Causal Representation Learning Networks for Machine

fault diagnosis under unseen conditions based on vibration and acoustic signals. Eng. Appl. Artif. Intell. 2025, 139, 109550.
[CrossRef]

2. Pang, B.; Liu, Q.; Xu, Z.; Sun, Z.; Hao, Z.; Song, Z. Fault vibration model driven fault-aware domain generalization framework
for bearing fault diagnosis. Adv. Eng. Inform. 2024, 62, 102620. [CrossRef]

3. Feng, K.; Xiao, Y.; Li, Z.; Jiang, Z.; Gu, F. Gas turbine blade fracturing fault diagnosis based on broadband casing vibration.
Measurement 2023, 214, 112718. [CrossRef]

4. Jiang, F.; Lin, W.; Wu, Z.; Zhang, S.; Chen, Z.; Li, W. Fault diagnosis of gearbox driven by vibration response mechanism and
enhanced unsupervised domain adaptation. Adv. Eng. Inform. 2024, 61, 102460. [CrossRef]

5. Zhang, L.; He, X.; Chen, J.; Liu, J. Fault diagnoses of a nonlinear cracked rotor-bearing system based on vibration energy space
and incremental learning approach. J. Sound Vib. 2025, 600, 118785. [CrossRef]

6. Hu, W.; Xin, G.; Wu, J.; An, G.; Li, Y.; Feng, K.; Antoni, J. Vibration-based bearing fault diagnosis of high-speed trains: A literature
review. High-Speed Railw. 2023, 1, 219–223. [CrossRef]

7. Zheng, Z.; Song, D.; Zhang, W.; Jia, C. A fault diagnosis method for bogie axle box bearing based on sound-vibration multiple
signal fusion. Appl. Acoust. 2025, 228, 110336. [CrossRef]

8. Du, N.T.; Trung, P.T.; Cuong, N.H.; Dien, N.P. Automatic Rolling Bearings Fault Classification: A Case Study at Varying Speed
Conditions. Front. Mech. Eng. 2024, 10, 1341466. [CrossRef]
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