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operational loads and often analyze entire vibration signals, which can dilute
key fault indicators. To address this, we propose a novel peak-centric approach
that focuses on diagnostically rich signal regions, combining the Progressive
Moving Average Transform (PMAT) with a 2D Convolutional Neural
Network (CNN) for enhanced classification. Our primary contribution is a
novel methodology that leverages localized peak regions for fault diagnosis,
integrating the recently developed PMAT signal transformation and validating
its generalization to mechanical systems to create highly discriminative 2D
image representations from 1D vibration data. The method involves three key
steps: extracting fixed-length signal fragments containing significant peaks,
converting these fragments into 120x120 pixel images using the Left PMAT
transform, and classifying the images into one of four health states using a
custom 2D-CNN architecture. The model was rigorously evaluated on the
CWRU dataset under a leave-one-load-out cross-validation scheme across four
distinct load scenarios. It achieved exceptional performance, with macro-
average F1-scores exceeding 99.83% in three of the four scenarios, specifically
under loaded conditions (1-3 HP), and a top accuracy of 99.96%. A
comparative analysis demonstrated that our PMAT-based method consistently
outperformed a Continuous Wavelet Transform (CWT) baseline and other
recent state-of-the-art models under these loaded scenarios. In conclusion, the
proposed PMAT and 2D-CNN framework provides a robust and highly
accurate tool for bearing fault diagnosis, successfully demonstrating PMAT's
cross-domain generalization capability while establishing a competitive
benchmark for future research. Future work will explore a hybrid PMAT-CWT
transformation to further improve performance under zero-load conditions.
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1. Introduction

The classification of bearing signal faults is a critical area of research in machinery fault
detection and diagnosis, as bearings are fundamental components in rotating machinery across
various industrial and transportation applications [1]. Faults in bearings can lead to significant
operational inefficiencies, costly downtime, and potential safety hazards. The importance of bearing
fault diagnosis extends across diverse sectors including aerospace, automotive, industrial
manufacturing, railway, and energy applications, where effective fault detection can contribute to
preventive maintenance, catastrophic accident prevention, and extended equipment service life [2],
[3].With the advent of Industry 4.0, the integration of advanced machine learning and deep learning
techniques has revolutionized fault detection, enabling more accurate and automated diagnostics.

Conventional methods for bearing fault detection have relied heavily on signal processing
techniques, such as time-domain, frequency-domain, and time-frequency-domain analyses.
Techniques like Fast Fourier Transform (FFT), Wavelet Transform (WT), and Empirical Mode
Decomposition (EMD) have been widely used to extract features from vibration signals. However,
these methods often require manual feature extraction and expert knowledge, making them time-
consuming and prone to human error [4]. Additionally, many existing intelligent data-driven fault
diagnosis techniques struggle to adapt to different working conditions such as varying motor loads
or rotational speeds. Their performance can degrade when dealing with non-stationary or noisy
signals, highlighting a key limitation of traditional machine learning approaches which rely on
handcrafted features that must be decided a priori through trial and error [4], [5].

Deep learning (DL) has emerged as a powerful tool for fault detection due to its ability to
automatically learn hierarchical features from raw data. Among DL techniques, Convolutional
Neural Networks (CNNs) have shown exceptional performance in image processing and have been
adapted for fault classification tasks. CNNs are particularly effective in extracting spatial features,
making them suitable for analyzing 2D representations of vibration signals. Hybrid models that
combine CNNs for feature extraction with classical machine learning classifiers, such as Support
Vector Machines (SVMs), have also been proposed to enhance fault classification accuracy [6]. This
adaptability has produced fruitful results in fields like image processing, speech recognition, and
fault detection. Transforming 1D vibration signals into 2D representations has gained traction in
recent years. This approach allows CNNs to capture both temporal and frequency-domain features,
improving fault classification accuracy. Advanced approaches employ multimodal fusion by
combining STFT images with time series data, using different neural network architectures for each
modality and applying decision-level fusion through weighted averaging [7]. Other methods, such as
hybrid signal processing, enhance feature extraction and reduce domain shifts between simulated and
real-world data [8] while advanced noise reduction techniques, such as improved I[EMD-based
methods, generate low-noise time-frequency images that maintain fault-relevant information [9].
These preprocessing approaches demonstrate exceptional resilience to noise, achieving substantial
accuracy improvements up to 15% in severe noise conditions [10].

While CNNs combined with 2D transformations have demonstrated high accuracy, challenges
remain. Many existing methods rely on predefined transformations that may not adapt well to varying
signal characteristics. For example, dimensionality reduction and optimization techniques, while
addressing computational efficiency, may still result in high input data dimensions [11]. There is a
need for innovative transformation techniques that are computationally efficient and capable of
capturing progressive signal variations effectively while also handling noise. This work investigates
the generalizability of the recently proposed Progressive Moving Transform (PMAT) [12] by
applying it, for the first time, to mechanical fault diagnosis. The participation of one of PMAT’s co-
developers in this work provides firsthand methodological expertise, ensuring the faithful adaptation
of the technique to this new domain. Our contributions are twofold: (1) We introduce a novel, peak-
centric bearing fault diagnosis framework that integrates PMAT with a 2D convolutional neural
network (2D-CNN), achieving superior performance under loaded operating conditions. (2) We
offer a rigorous validation of PMAT’s cross-domain applicability, demonstrating that its
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performance is strongly influenced by the presence of well-defined signal peaks, a key insight for
guiding future research and applications. Taking advantage of the strengths of both PMAT and
CNNs, the proposed method aims to overcome the challenges of traditional and existing DL-based
approaches. Another important point is that this paper focuses on signal fragments characterized by
the presence of peaks, as these regions are more strongly influenced by the existence of faults. This
idea was inspired by the first use of PMAT for heartbeat classification in the work [12]. The
integration of advanced signal transformation techniques like PMAT with CNNs represents a
promising direction for bearing fault classification. This review of the literature highlights the
evolution of fault detection methods, the advantages of deep learning, and the gaps in existing
approaches, providing a strong foundation for the proposed methodology.

The remainder of this paper is organized as follows: Section 2 presents a review of the related
works and the foundational methodologies in bearing fault diagnosis. Section 3 highlights the main
techniques used. Section 4 describes the dataset, the different scenarios and experiments adopted,
and provides an overview of the proposed method and the CNN model architecture. Section 5
discusses the results obtained and compares them with recently published works. Finally, Section 6
concludes the paper with a general conclusion.

2. Related Works

The domain of bearing fault diagnosis has undergone a significant evolution, transitioning from
traditional signal processing and machine learning techniques to sophisticated deep learning and
transfer learning paradigms. Early methodologies were heavily reliant on expert-driven feature
extraction. Techniques such as Empirical Mode Decomposition (EMD) [42], Tunable Q-factor
Wavelet Transform (TQWT) [45], [46] and spectral analysis were employed to decompose and
analyze vibration signals. The features manually extracted from these processes were then fed into
classifiers like Support Vector Machines (SVM) [6], [44] and Adaptive Neuro-Fuzzy Inference
Systems (ANFIS) for fault identification [27], [32]. While foundational, these approaches were
limited by their dependence on domain expertise and often struggled with generalization across
varying operational conditions and noise [5], [25].

The advent of deep learning (DL) marked a paradigm shift, enabling end-to-end Intelligent Fault
Diagnosis (IFD) that automates feature learning directly from raw data [30], [32], [58].
Convolutional Neural Networks (CNNs) have been particularly dominant in this revolution. Early
applications involved 1D-CNNs processing raw vibration signals [19], [21], [22], [53] and 2D-CNNs
analyzing time-frequency representations like Continuous Wavelet Transforms (CWT) [35], [57],
[59], [60]. To enhance feature representation and model performance, researchers have developed
increasingly complex architectures. This includes deep residual networks (ResNet) to overcome
training difficulties in very deep models [24], [31], [55], [56] and hybrid models that fuse CNNs with
recurrent networks like Long Short-Term Memory (LSTM) and Gated Recurrent Units (GRU) to
capture both spatial and temporal characteristics of vibration data [18], [34], [52]. The integration of
attention mechanisms, such as Efficient Channel Attention (ECA) [7], has further improved
diagnostic accuracy by enabling the model to focus on the most discriminative fault-related features,
thereby enhancing robustness in noisy environments [15], [28].

A critical challenge in real-world applications is the scarcity of labeled fault data and the class
imbalance between healthy and faulty states. To address this, generative deep learning models have
been widely adopted for data augmentation. Variational Autoencoders (VAE) [1], [20] and
Generative Adversarial Networks (GANs) [48]-[51] can synthesize high-quality fault samples, which
helps in building balanced datasets and training more robust diagnostic models [1], [23].
Furthermore, the issue of domain shift-where a model trained under one set of operating conditions
fails under another has been a major focus. Transfer Learning (TL) and domain adaptation techniques
have been developed to bridge this gap. These methods leverage knowledge from a labeled source
domain to perform accurate diagnosis in a different, unlabeled target domain, significantly improving
model generalizability across different machines, loads, and speeds [26], [29], [33], [36], [43], [54].
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Current research frontiers are exploring several advanced directions. Graph Neural Networks
(GNNp5s) are being applied to model the structural relationships and non-Euclidean geometry within
sensor data [2], [37]-[41]. There is also a growing emphasis on explainable Al (XAI) to interpret the
decision-making process of DL models, moving them from "black boxes" to trustworthy systems
[32]. The development of highly generalized models trained on simulated data that can perform
accurately across a wide range of bearing designs represents another promising avenue [8]. Finally,
comprehensive reviews continue to map the landscape, offering roadmaps for future research in areas
like fault severity assessment [47] and the application of unsupervised and semi-supervised learning
[20], [32], [43].

In summary, the field has progressed from manual, expert-dependent analyses to data-driven,
automated deep learning systems. Current efforts are focused on enhancing the robustness,
generalizability, and interpretability of these systems to meet the demands of real-world industrial
applications. This work builds upon this solid foundation, particularly drawing from advancements
in hybrid architectures, data augmentation, and transfer learning to develop a more effective and
reliable fault diagnosis framework.

3. Method
3.1. Progressive Moving Average Transform

The Progressive Moving Average Transform (PMAT) transform is a new published method
proposed to convert 1D discrete signals to 2D representation [ 12]. The computational complexity of
the PMAT algorithm is O(N?), where N is the length of the input signal. For comparison, the
Continuous Wavelet Transform (CWT) typically exhibits a complexity of O(N X S), where S is the
number of scales; when a large number of scales is used, its overall complexity also approaches
O(N?). The authors of this new method have used it together with a Convolutional Neural Network
(CNN) to classify heartbeats on the electrocardiogram (ECG). The method exhibited high
performance for the classification of these kinds of signals. The PMAT transform is defined in three
variants, left, right, and center PMAT. The Left PMAT (LPMAT) used in our paper is defined in.

MA(X,1,w) ifk<w
MA(X,k —w + 1,w) otherwise

where X and w represent, respectively, the discrete signal and the window size. M4 is the moving
average defined as follows.

LPMA(X, k, w) = { (D

A0
MAX,j,w) ==L~ 2)
)
The Sub-figures (B) and (C) of Fig. | represent, respectively, a fragment of length 6 x 1071
second extracted from the accelerometer drive end signal OR021@6 0 sampled at 12 kHz of the
CWRU bearing database and its PMAT transform.

3.2. Peak Detection

Unlike many studies that focus on analyzing whole signals, we believe that bearing faults can
be captured more effectively in specific regions of the signal. Therefore, our study concentrates on
the signal segments that contain significant peaks. To extract these regions, we used the find peaks()
function from the SciPy library with the parameter distance=100, which enforces a minimum
separation of 100 samples between consecutive peaks. The height and prominence parameters were
not constrained, as the signal amplitude was already normalized and visually inspected to ensure that
only relevant peaks were detected. The distance value was empirically chosen based on the typical
temporal spacing between significant waveform events in our signals. Sub-figure (A) of Fig. 1 shows
the first 8 extracted peaks from the first 10~ seconds of the OR021@6_0 signal sampled at 12 kHz
of the CWRU bearing database.
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4. Bearing Fault Classification Using 2D-CNN Model and PMAT Transform
4.1. CWRU Dataset

The Case Western Reserve University (CWRU) Bearing Fault Dataset is a benchmark dataset
widely used for the development and validation of algorithms for bearing fault detection and
diagnosis. The data comprises vibration signals collected from a mechanical test rig under both
normal and fault-induced conditions.

Data was acquired from a driven mechanical system consisting of a 2 hp Reliance Electric
motor, a torque transducer, and a dynamometer, as shown in Fig. 2. Vibration data was recorded
using accelerometers attached to the housing with magnetic bases. Data was collected at two primary
locations: at the fan end of the motor housing and at the drive end of the motor housing. The motor
bearings were seeded with single-point faults of varying diameters (0.007, 0.014, 0.021, and 0.028
inches) using Electro-Discharge Machining (EDM). Faults were introduced independently at three
critical components: the inner raceway, the rolling element (ball), and the outer raceway. Vibration
signals were recorded for each fault state and for healthy baseline bearings. The motor load was
varied from 0 to 3 horsepower (corresponding to motor speeds of approximately 1797 to 1720 RPM)
to simulate different operational conditions. The dataset provides time-domain vibration data,
typically sampled at 12 kHz or 48 kHz for most studies.

The primary variables documented in the dataset include the fault state (encompassing
normal/healthy bearings, inner race faults, ball faults, and outer race faults), the fault diameter (which
ranges from 0.007 to 0.028 inches), and the motor load condition (0, 1, 2, and 3 horsepower). Data
was captured from accelerometers at multiple sensor positions, namely at the drive end, fan end, and
on the base. The motor speed, which correlates directly with the load, is also provided with values
of approximately 1797 RPM for 0 hp, 1772 RPM for 1 hp, 1750 RPM for 2 hp, and 1730 RPM for 3
hp. This dataset is a fundamental resource for research in predictive maintenance, condition
monitoring, and fault diagnosis. It is specifically designed for developing and testing machine
learning and signal processing techniques for the classification and identification of mechanical
faults in rotating machinery.

4.2. Data Splitting

The CWRU bearing fault dataset was systematically partitioned into four distinct scenarios
following a leave-one-load-out cross-validation approach to evaluate model generalization across
varying mechanical load conditions. We worked with the signals recorded at the driven end position
sampled at 12 kHz. The samples in both the train and test subsets represent fixed-length samples
(segments) that contain the peaks extracted from the signals of each subset. One single signal cannot
be used in both subset; i.e. that all samples of the same signal should be in only one subset (train or
test). The fragment length of 1000 points (approx. 0.083 seconds at 12 kHz) was chosen to be long
enough to capture the entire impulse response of a bearing fault, including subsequent resonances,
while remaining short enough to be computationally efficient and focused on the peak event. CWRU
dataset splitting scenarios at 12 kHz sampling rate shown in Table 1.

(A)

0 200 400 600 800 1000 1200

(B) (C)

T T T T T T T T
0 50 100 150 200 0 50 100 150

Fig. 1. Peak extraction and PMAT transform from drive end signal
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Fig. 2. An Experimental platform of the CWRU bearing test used for generating fault vibration data [5]
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Table 1. CWRU dataset splitting scenarios at 12 kHz sampling rate

Scenario Subsets Loads Samples Test/Train
DSI (Train) 1,23 47,114

1 DS2 (Test 0 11,702 24.8%
5 DSSS%@;T) 0%3 ‘l‘g :iég 35,5%
; DDsss6((TTrea$) 0, ; 3 ‘1‘232‘2‘ 37.6%
¢ Dren 5 e e

4.3. Scenario Specifications

Scenario 1. The training set (DS1) contains 47,114 samples distributed across loads (1,2,3),
while the testing set (DS2) includes 11,702 samples at load 0. The test-to-train ratio is 24.8%, making
this the most conservative split with the smallest testing proportion. The distribution of samples
across the four classes (Normal, REF, IRF, ORF) is relatively balanced between training and testing
subsets. Scenario 2. In this case, DS3 (train) provides 43,410 samples from loads (0,2,3), while DS4
(test) adds 15,406 samples at load 1. The test-to-train ratio reaches 35.5%, indicating a higher
proportion of testing samples compared to Scenario 1. Class proportions are well preserved between
subsets. Scenario 3. Here, DS5 (train) contributes 42,734 samples under loads (0,1,3), and DS6 (test)
provides 16,082 samples under load 2. The resulting test-to-train ratio is 37.6 %, which is the highest
among all scenarios. This configuration offers a strong evaluation setting by exposing the model to
unseen load 2 during testing. Scenario 4. The training dataset DS7 contains 43,190 samples from
loads (0,1,2), while DS8 (test) includes 15,626 samples at load 3. The test-to-train ratio is 36.2 %,
similar to Scenario 2. This scenario evaluates generalization at load 3 and provides a balanced
distribution across classes.

4.4. Convolutional Neural Network Architecture and the Method Overview

The overview of our method is shown in Fig. 3. The CNN architecture adopted in this study
follows the proven design from the original PMAT publication [12], where it demonstrated optimal
compatibility with PMAT-transformed signals. This strategic choice, made with input from one of
PMAT's original developers, ensures architectural coherence while maintaining consistency with
established practices. Our method consists of three main steps:
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e  Step 1: Use LMPAT to convert the extracted fixed-length fragments of the bearing signal into
square 2D images of size 120 x 120.

e  Step 2: Use 2D-CNN layers to extract 128 features from the transformed images.

e  Step 3: Use the 128 extracted features from Step 2 to classify the corresponding bearing signal
fragment into one of the four classes.
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Fig. 3. Flowchart and overview of the approach

The parameters of the used CNN model architecture are given in Table 2,
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Table 2. 2D-CNN model layers and parameters

No Layer name Kernalsize Filter Padding Stride Output shape
1 Input” - - - - 120 x 120 x 1
2 Conv2D 5%x5 32 0 1 116 x 116 x 32
3 BatchNorm2d - - - - 116 x 116 x 32
4 ReLU - - - - 116 x 116 x 32
5 MaxPool2D 5x%x5 - - 5 23 x 23 x 32
6 Conv2D 5x%x5 64 0 1 19 x 19 x 64
7 BatchNorm2d - - - 19 x 19 x 64
8 ReLU - - - - 19 x 19 x 64
9 MaxPool2D 3x3 - - 3 6 X6 x64
10 Conv2D 3x3 128 0 1 4 x4 x 128
11 BatchNorm2d - - - - 4 x4 x128
12 ReLU - - - - 4 x4 x 128
13 AMaxPool2d™ - - - - 1 x1 x128
14 Flatten - - - - 1 x128
15 Flatten - - - - 1 x128
16 Flatten - - - - 1 x 64
17 Flatten - - - - 1 x4

* The input refers to the PMAT transformed bearing signal fragment of size 120 x 120,
** AMaxPool2d is the Adaptive Max Pooling layer.

4.5. Implementation Details

The model was trained with a batch size of 512 on an NVIDIA Tesla P100 GPU provided freely
by Kaggle [13]. Training was performed over 20 epochs using the Adam optimizer with a learning
rate of 0.02.

5. Results and Discussion

The bearing fault classification system was evaluated under four load conditions using a leave-
one-load-out cross-validation scheme. The resulting confusion matrices and performance metrics
reveal distinct patterns across the tested scenarios. In Scenario 1 (Test Load 0), corresponding to the
no-load condition, the model achieved a macro-averaged F1-score of 86.94%. While the class (REF)
exhibited a high recall (99.50%), its precision was relatively low (56.90%), indicating a notable rate
of false positives for rolling element faults. This reduced performance can be attributed to the weak
fault signatures present in the absence of load, as mechanical stresses that amplify defect-related
vibrations are minimal. Consequently, fault-related frequency components overlap more strongly
with background noise, leading to reduced discriminability. In contrast, under loaded conditions
(Section 2.3), the model demonstrated near-perfect classification performance. Specifically, Scenario
2 (Test Load 1) achieved a macro F1-score of 99.83%, with precision and recall exceeding 99.60%
for all fault classes. Scenario 3 (Test Load 2) further improved performance, reaching a macro F1-
score of 99.95%, while Scenario 4 (Test Load 3) yielded a similar result of 99.91%. The consistent
improvement observed under increasing load levels confirms that the fault-induced vibration patterns
become more distinct as the applied load increases, enhancing the separability of the feature
representations extracted by the PMAT-2D-CNN framework.

Across all experiments, the REF class exhibited the highest variability in classification
performance, reflecting its sensitivity to operating conditions and the potential overlap of healthy
and incipient fault patterns. Nevertheless, the overall results demonstrate that the proposed model
generalizes effectively to unseen load conditions. Furthermore, the specificity remained consistently
high (more than 99%) across most scenarios, highlighting the robustness of the classifier in correctly
identifying non-fault cases. These findings suggest that the PMAT-based representation, coupled
with the 2D-CNN architecture, effectively captures the discriminative temporal—spectral features
necessary for reliable fault detection under varying mechanical loads. Fig. 4 and Fig. 5 summarize
the confusion matrices and receiver operating characteristic (ROC) curves corresponding to these
experiments. The four scenarios. The results, together with the AUC values, with values ranging
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from 0.99 to 1.00, reported in Table 3, demonstrate the robustness of the model, achieving strong
performance across all classes.

Scenario 1 Scenario 2

42 0 0 5800 0 0o 0

Normal
Normal

- w - 0 1 1
& - E- 0 () 2741 8
4 a8 26 & ) 9 2
o | @ |

| 1 1 1 1
Normal REF IRF ORF Normal REF IRF ORF
Scenario 3 Scenario 4

Normal
Normal

REF

REF

IRF
IRF

0 0 0 0 0 4

ORF
]
ORF
|}

1 1 1 1
Normal REF IRF ORF Normal REF IRF ORF

Fig. 4. Performance results across all four testing scenarios showing confusion matrices

5.1. Comparison with Continuous Wavelet Transform

In this section, we compare our method using an alternative transform which is the Continuous
Wavelet Transform (CWT) instead of PMAT transform. We have repeated the same scenarios
described in section 3.3 within the same framework presented in section 3.4 replacing PMAT by
CWT transform. CWT employs a wavelet, which is a small wave-like function, to generate a time-
scale scalogram from a signal. The wavelet is systematically scaled and shifted across the signal over
time to capture information at various times and scales. The comparison is done based on four metrics
Accuracy and the macro average of the precision, recall, and the F1-score.

The comparative results, presented in Table 4, indicate that CWT achieves superior performance
in Scenario 1 (Load 0), whereas PMAT consistently out-performs CWT in the other scenarios. This
behavior can be explained by the nature of the analyzed signals. Under zero-load conditions, fault
signatures are weak and localized, and the multi-resolution capability of CWT is more effective in
capturing such subtle, transient variations around the peaks. In contrast, when loads are applied, the
peaks become more distinctive and the local fault-related features gain stronger energy, which
enhances the effectiveness of PMAT. By relying on progressive averaging in the time domain before
converting to a scalogram, PMAT is able to highlight these localized fault signatures while
suppressing noise, leading to its superior performance under loaded conditions.
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5.2. Analysis of PMAT's Performance Characteristics

The performance disparity between loaded and non-load conditions reveals a fundamental
aspect of our peak-centric approach. Under motor load, impact on bearings generates distinct strong
peaks that PMAT effectively enhances. In no-load conditions (Scenario 1), these impacts are less
energetic, resulting in weaker peaks that provide less discriminative information for the PMAT
transform. This explains the particular difficulty with REF faults under no-load, as ball faults
inherently produce more chaotic and lower-energy signatures compared to inner or outer race faults.
This finding establishes that PMAT's effectiveness is contingent on the presence of well-defined
transient events, positioning it as an ideal tool for loaded industrial scenarios while highlighting a
limitation for very low-load applications.

Table 3. Performance results of bearing fault classification across four testing scenarios using leave-one-
load-out cross-validation

Scenario Class Precision Recall Specificity Fl1-score AUC Accuracy
Normal 98.05% 98.29% 99.46% 98.17% 1.00
REF 56.90% 99.50% 99.88% 72.40% 1.00
1 IRF 98.84% 87.58% 95.81% 92.87% 1.00 86.28%
ORF 99.67% 73.06% 84.84% 84.31% 0.98

Macro avg  88.36% 89.61% 95.00% 86.94% 0.99
Normal 100.00%  100.00% 100.00% 100.00% 1.00

REF 99.60% 99.91% 99.98% 99.76% 1.00
2 IRF 99.89% 99.71% 99.94% 99.80% 1.00 99.86%
ORF 99.80% 99.76% 99.90% 99.78% 1.00

Macro avg  99.82% 99.85% 99.96% 99.83% 1.00
Normal 99.98% 100.00% 100.00% 99.99% 1.00

REF 100.00% 99.78% 99.96% 99.89% 1.00
3 IRF 100.00% 99.96% 99.99% 99.98% 1.00 99.96%
ORF 99.87% 100.00% 100.00% 99.93% 1.00

Macro avg  99.96% 99.93% 99.99% 99.95% 1.00
Normal 100.00%  100.00% 100.00% 100.00% 1.00

REF 99.76% 100.00% 100.00% 99.88% 1.00
4 IRF 99.85% 99.74% 99.95% 99.80% 1.00 99.93%
ORF 100.00% 99.89% 99.97% 99.94% 1.00

Macro avg ~ 99.90% 99.91% 99.98% 99.91% 1.00

Table 4. Comparison between PMAT and CWT methods across four scenarios

Method Scenario Accuracy M.avg Precision M.avg Recall M.avg F1

1 86.28% 88.36% 89.61% 86.94%
PMAT 2 99.86% 99.82% 99.85% 99.83%
3 99.96% 99.96% 99.93% 99.95%
4 99.93% 99.90% 99.91% 99.91%
1 97.31% 97.69% 97.38% 97.52%
CWT 2 97.44% 96.85% 97.64% 97.15%
3 97.92% 98.28% 96.83% 97.43%
4 99.00% 98.93% 98.59% 98.73%

5.3. Performance Comparison (Acc \%) with Other Published Works

Table 5 summarizes a comparison between our method which is implemented based on PMAT
transform and 2D-CNN neural network and other recent method implemented using different
techniques. As shown in Table 5, our method achieves competitive state-of-the-art performance. The
superior results under loaded conditions compared to methods like CWT-based approaches [6] and
Graph-based approach [2] suggest that PMAT’s peak-enhancement capability provides a more
discriminative representation when fault signatures are strong. It is also superior to conventional
CNN- or DCNN-based methods [4] and [6]. Although some studies such as Wen et al. [21] reported
slightly higher accuracy (99.8%), the proposed PMAT + 2D-CNN framework demonstrates state of
the art performance overall loaded conditions, confirming its effectiveness and robustness
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Fig. 5. Performance results across all four testing scenarios showing ROC

Table 5. Comparison of the results obtained by our method with other works

Paper / Source Year Key Technique Used Accuracy
Proposed method 2025  PMAT transform and 2D-CNN 99.96%
Alqunun et al. [13] 2025 ResNet-50, SVM, CWT 95.51%
Y. Zhangetal. [14] 2025 MLSCA-CW Network 92.02%
Chen, et al. [2] 2024  GraphSAGE, Graph Aggregation 99.53%
K. Tran, et al. [15] 2024 Robust-MBFD 90.0%
O.alietal. [16] 2023 EWC Algorithm 97.06%
Yuan, et al. [6] 2020 CWT, CNN, SVM 98.75%
HanXKetal. [17] 2024 CNN-LSTM-GRU 92.5%
H. Wang et al. [18] 2022 VGG-16 98.9%
A. Shenfield et al. [4] 2020 DCNN 99.1%
C. Zhang et al. [19] 2019 VAE 98.06%
L. Shao et al. [21] 2019 DNN 97.4%
Wen et al. [20] 2018 CNN-LeNet 99.8%

6. Conclusion and Future Work

This study presented a comprehensive validation of the Progressive Moving Average Transform
(PMAT) for mechanical fault diagnosis, successfully demonstrating its generalization from the
biomedical to industrial domains. The novel peak-centric framework, which combines PMAT with
a purpose-built 2D-CNN, establishes a new paradigm for bearing fault classification by concentrating
computational resources on the most informative signal regions—the impact peaks where fault
signatures are most pronounced. The method's exceptional performance, achieving more than 99.8\%
accuracy and macro F1-scores across three loaded scenarios, underscores its robustness and strong
generalization capability to unseen operational conditions. This positions PMAT as a highly effective
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transformation technique for industrial applications where bearings operate under typical load
conditions.

However, our rigorous evaluation also revealed a fundamental characteristic of the peak-
dependent approach: performance under no-load conditions (Scenario 1) was notably lower,
particularly for rolling element faults. This limitation is intrinsic to PMAT's design principle—its
effectiveness is contingent upon the presence of distinct energetic peaks, which are attenuated in
low-load scenarios. Rather than a methodological flaw, this finding provides crucial insight for
practitioners: PMAT excels in loaded industrial environments, but may require supplementation for
very low-load applications.

The comparative analysis with Continuous Wavelet Transform further validated this
understanding, showing complementary strengths where CWT's multi-resolution capability better
handles subtle signatures in no-load conditions, while PMAT's progressive averaging more
effectively enhances localized fault features under load. In future work, we plan to develop Hybrid
PMAT-CWT framework integrated transformation that leverages CWT's multi-resolution analysis
for comprehensive feature capture and PMAT's peak-enhancement for focused fault signature
amplification, creating a universally robust solution across all operational conditions.

Data and Code Availability: To ensure complete reproducibility, facilitate further research, and promote
transparent scientific discourse, the complete source code and data for this study have been made publicly
available on the Zenodo platform https://doi.org/10.5281/zenodo.17548767.
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