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signals. This work proposes a time—frequency diagnostic framework using Continuous

Wavelet Transform (CWT)-based scalograms and machine learning. Coiflet and Morlet Keywords

wavelets are selected using the Maximum Relative Wavelet Energy (MRWE) criterion, Bearing faults

yielding peak MRWE values of 0.1347 for the CWRU dataset and 0.0584 for the Machinery
Fault Simulator (MFS) dataset, ensuring optimal fault localization. Scalograms are converted
into RGB images, from which 21 texture features are extracted and ranked using the Fisher Wavelet transform
score. The method is validated on two independent datasets: the benchmark Case Western KNN

Reserve University (CWRU) data and an experimental MFS dataset using SKF 6004 bearings Bagged Tree
with induced inner-race, outer-race, and ball defects. Logistic Regression, SVM, KNN, and

Bagged Tree classifiers are evaluated using tenfold cross-validation. On the CWRU dataset,

KNN and Bagged Tree achieve accuracies of 98.3% with eight ranked features, while the

Bagged Tree reaches 100% accuracy using all 21 features.

Time-frequency analysis

1. Introduction

Rolling bearings are universal elements of rotating machinery, commonly found in automotive, aerospace, manufacturing,
and energy applications, where they support shafts and transmit motion while bearing radial and axial loads. Although
the design criteria are rigorous, the manufacturing process is highly precise, and the tests are stringent, bearings often do
not reach the stated service life. Such premature failure may be due to many different causes, such as material fatigue,
insufficient lubrication, particle contamination, improper mounting, misalignment, unforeseen load changes, or poor fit
tolerances. This is not a one-off occurrence- bearing degradation can easily spread through the machine system, resulting
in vibration, thermal stress, severe performance degradation, and eventually a disastrous breakdown. These impacts are
directly translated into financial losses, unplanned downtime, and damage to adjacent components [1]. Thus, early and
precise fault diagnosis of bearing faults has become an essential prerequisite to industrial condition-based monitoring and
prediction-based maintenance programs.

Traditional bearing fault diagnosis schemes can be roughly divided into three areas: time-domain, frequency-domain,
and hybrid approaches. Simple, computationally low-cost time-domain techniques, including mean, variance, RMS value,
crest factor, skewness, and kurtosis, are used to calculate the statistical properties of a time-varying signal [2]. Yet they
are no good at capturing transient signatures in non-stationary signals and are very sensitive to background noise. It is
common to use frequency-domain techniques, typically the Fast Fourier Transform (FFT) or the Hilbert Transform, to
detect characteristic fault frequencies associated with inner-race, outer-race, or rolling-element defects. Although FFT -
based methods are effective for stationary, periodic signals, speed variations, modulations, or complex machine dynamics
can often render the procedure less sensitive [3]. It has been proposed that hybrid signal processing methods be used to
address these limitations. Intrinsic mode functions, as used by Ensemble Empirical Mode Decomposition, to extract
localized patterns in a signal; instantaneous frequency, provided by Hilbert Transform and spectral analysis; impulsive
faults, which are identified through spectral kurtosis; and robust detection of defects, which is achieved by probabilistic
principal component analysis and statistical filtering, are examples. These methods have high diagnostic sensitivity but
can be computationally expensive, produce non-unique decompositions, and are sensitive to parameter choice and noise
contamination [4]. On the contrary, time-frequency analysis techniques, especially the Continuous Wavelet Transform
(CWT), are better suited for non-stationary and transient vibration signals. CWT produces scalograms that can
simultaneously record the time-dependent and spectral development of vibration energy, allowing short-lived defect
impulses hidden in other domains to be identified [5]. Experiments have demonstrated that the wavelet scalogram’s
sensitivity to various fault frequencies can be improved by filtering into red, green, and blue (RGB) channels, and that
each channel can accentuate a different defect mode. Here, Haar, Symlet, Coiflet, Morlet, and Daubechies (db2) wavelets
are tested, and Maximum Relative Wavelet Energy (MRWE) is applied to the wavelets to select the best wavelet to
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represent faults [6]. This wavelet selection method is systematic, avoiding arbitrary choices in decomposition, and
enhances diagnostic consistency.

Feature extraction and ranking are important for enhancing the quality of diagnosis. RGB scalograms should be
statistically summarised to remove redundancy and sensitivity to noise. Making features as discriminative as possible
with minimal computational effort: Fisher Score, the feature ranking technique that maximizes the distance between
classes between healthy and faulty data. ReliefF Algorithm, where feature value is estimated using the nearest neighbor
differences between a class, and is therefore strong with noisy data. Minimum Redundancy Maximum Relevance
(mRMR) chooses features that are strongly correlated with the desired output but weakly correlated with one another to
enhance the performance of the classifier. The Principal Component Analysis-based ranking, also called a conversion of
the original feature space into orthogonal components ranked by how much they account for the signal variance;
dimensional reduction with dominant information conservation [7]. When used appropriately, these ranking techniques
can reduce the number of features needed without compromising classification accuracy, enabling real-time applications
and reducing computational load.

In the current paper, the vibration data is represented by two datasets: the Case Western Reserve University (CWRU)
benchmark, which is well known, and an experimental dataset gathered on a Machinery Fault Simulator (MFS) rig. The
MES arrangement includes a horizontal rotor mounted on SKF 6004 deep groove ball bearings and connected to a DC
motor by servo means to change speed between 200 and 3000 rpm in 200 rpm steps. A systematic analysis of fault
conditions, such as inner- or outer-race defects or rolling-element defects, is artificially induced. A multi-axial
piezoelectric accelerometer is employed to record high-resolution vibration signals with a sensitivity of 10.33 mV/g and
a sampling frequency of 12 kHz. The overall workflow of the proposed methodology is illustrated in Figure 1. The
comparison between these two datasets shows that the proposed methodology is not data-dependent and yields
generalizable results across laboratories and real experimental conditions. Once features have been extracted from
optimized wavelet scalograms, they are ranked using the Fisher Score. Classifiers based on machine learning, such as
Logistic Regression, Support Vector Machine (SVM), Fine K-Nearest Neighbor (KNN), and Bagged Tree, are applied to
diagnose and classify bearing faults [8].

Maximum relative

Vibration Signal Mother Wavelet let RGB Scalogram
Captured from CWRU 1. Haar, 2. Sym2, 3. Cr?::r\ilz Fore{)l\?;\gféet Images For CWRU &
and MFS Coif2, 4. More, 5. Db2 Selection MES Data sets
Machine Learning
Bearing Fault Methods 1. Logistic Feature selection and )
Diagnosis Regression, 2. SVM, Ranking using Fisher Feature Calculation
3. KNN, 4. Bagged Score

Tree

Figure 1. Flow chart of the process

The comparative findings affirm that the combination of CWT-based scalogram features, optimal wavelet selection
via MRWE, and advanced feature ranking methods yields higher diagnostic accuracy than conventional vibration
analysis. The originality of the current work lies not only in the hybrid approach but also in the dual validation on CWRU
and MFS data. This ensures the scalability and industry applicability of the proposed fault diagnosis framework, which
can be quickly scaled and adjusted to different fault rates, fault severities, and levels of noise with no manual retuning.
The system can achieve very high fault-detection rates at low computational cost by selecting the most discriminative
features and using powerful machine learning models [9]. Such an approach will enhance predictive maintenance,
increase the reliability of machinery, and provide a solid basis for future investigations into automated health monitoring
systems for rotating machines.

2. Materials and Methods

The methodology describes the Signal processing techniques used for analysis, as well as the selection of the mother
wavelet based on the maximum relative wavelet energy criterion. Feature ranking and the use of different machine
learning algorithms for analysis are also discussed in detail.

2.1 Signal Processing Technique and Wavelet Selection

The Continuous Wavelet Transform is an effective signal processing method that provides time-frequency localization
that cannot be achieved by other transformations, such as the Short-Time Fourier Transform (STFT) or the classical
Fourier Transform (FT). In contrast to FT, which gives frequency information but no time resolution, or STFT, which
gives joint resolution (depending on a fixed window size), CWT uses variable-sized windows, which resize depending
on the frequency content under analysis [10]. In particular, the CWT offers both high frequency resolution at low
frequencies and better time resolution at high frequencies, which are suited to non-stationary or transient signal analysis.
In CWT, local and global features are both revealed at the same time as the original signal is projected onto a family of
wavelet functions produced by scaling (dilation) and translating a single mother wavelet. This multiresolution scheme
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allows one to detect minute variations in patterns of signals, otherwise obscured by fixed-resolution schemes. On a
conceptual level, STFT applies Fourier analysis to windowed segments, whereas CWT does not require explicit Fourier
analysis of window functions (single-peak spectral ambiguities are avoided), and instead generates a continuous
representation that smoothly changes with scale [11]. In addition to this, the frame size of the CWT naturally changes
with scale, so small wavelets are employed to encode high-frequency information with a fine time localization, and large
wavelets encode low-frequency trends with a sharp frequency localization. It is this scale-based adaptability that makes
CWT special and analytical in a broad sense.

As an engineering application, the CWT is now an essential tool in any application that involves the detection and
characterization of non-stationary processes, including vibration analysis, structural health monitoring, aeronautical
engineering, power system fault detection, biomedical signal processing, and interpreting geophysical data [12]. CWT
can be used to identify the presence of a bearing defect, gear tooth break, or shaft misalignment by accurately tracking
transient perturbations simultaneously in both time and frequency components, which is not possible with Fourier-based
methods. Likewise, in aeronautical engineering, where signals due to rotating machinery, airflow disturbances, or
structural oscillations rapidly change their spectral characteristics, CWT allows condition monitoring and detection of
damage with better resolution [13]. The superiority of CWT over other signal processing techniques (e.g., FT, STFT,
Hilbert-Huang Transform) lies in its capacity to support highly localized excitation of events without losing information
of global frequencies, making it extremely effective in the context of practical diagnostics. Its adaptive resolution
eliminates the resolution trade-off of STFT, and its mathematical representation is redundant but highly interpretable,
particularly when feature extraction and fault classification are required [14].

Table 1. Wavelet selection

Mother Wavelet CWRU MFS
Haar 0.0768 0.0289
Sym2 0.1011 0.0384
Coif2 0.1347 0.0471
More 0.1044 0.0584
Db2 0.1011 0.0384

Table 1 indicates a maximum relative energy (MRE) wavelet selection criteria used on CWRU and MFS-bearing data.
Maximum Relative Energy (MRE), which may be utilized in the choice of the most suitable mother wavelet to be selected
in the decomposition of signals, primarily when non-stationary signals, such as bearing fault diagnosis, signal analysis of
gear vibration, are being considered. The principle of MRE is that when a wavelet is modified to an optimal one, the
maximum percentage of energy existing in the original signal is retained, so that considerable information about a fault
is not lost. Instead of picking the wavelets subjectively or using trial-and-error, MRE gives an evaluation of the
performance of the wavelets by comparing the amount of energy picked up by each candidate wavelet (e.g., Daubechies,
Symlet, Coiflet, etc.). The method compares the energy of the wavelet coefficients in one level of decomposition and the
overall energy of the original signal, with the wavelet that has the largest energy ratio being chosen as the optimum one.
The more MRE implies the better time-frequency localization, the better signal-noise ratio, and low information loss that
further enhances the extractions of the feature, the more the fault can be separated, and the better the machine learning

classification E, = Y_; x(n)* and W; ; are the wavelet coefficients with energy E,, ; = ¥ szk Then the relative energy

at level j is RE; = % and maximum value among all levels MRE = max; (?) Increased MRE implies an enhanced

time-frequency localization, a better signal-to-noise ratio, and less information loss, which subsequently leads to
improved feature extraction, fault separability, and classification by machines. Five mother wavelets are considered: Haar,
Symlet, Coiflet, Morelet, and Daubechies. As can be seen in Table 1, the largest calculated MRE is 0.1347 (CWRU), the
Coiflet wavelet. Conversely, the highest value of MRE obtained represents 0.0584 (MFS) after the application of the
Morlet wavelet.

2.2 Feature Selection and Ranking using Fisher Score

Fisher Score, in other words, feature selection and ranking is a powerful statistical method used extensively in machine
learning and fault diagnosis because it is simple, robust, and highly discriminative. The approach assesses each feature
separately by calculating the ratio of inter-class separation to intra-class variance, so that those features which most
effectively discriminate between classes are given preference. The score for the i*"* feature is computed as:

_ Zgzl nc(ﬂi,c - ﬂi)z
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where y; . and 0; ., are class-wise feature mean and variance, and n. is the number of samples in class c. A higher Fisher
score means better class separability. The most important benefit of the Fisher Score is that it is computationally efficient
and does not require any particular classifiers, so it can be applied to high-dimensional data, like vibration signals in
bearing fault diagnosis. In contrast to wrapper methods that entail training or computationally intensive embedded
methods, Fisher Score is a filter-based method that does not suffer from overfitting and, overall, consumes less processing

journal.ump.edu.my/ijame 13421



V. Dave et al. | International Journal of Automotive and Mechanical Engineering | Volume 23, Issue 1 (2026)

time without sacrificing feature relevance [15]. Its principle of operation is to prioritize features based on their ability to
discriminate between fault categories. Features with a large Fisher score have high class separability, whereas those with
low scores are considered noise or redundant information. This approach is of great value for bearing fault diagnosis, as
a vibration signal is usually mixed-frequency and may include redundant features extracted in both the time and frequency
domains. The Fisher Score is used to isolate the most sensitive features that represent fault patterns, such as inner race,
outer race, or rolling-element defects, which are then used to improve the accuracy of other classifiers, such as SVM,
Logistic Regression, or Neural Networks [16]. What makes it unique among feature-ranking methods like ReliefF or
mutual information is that it does not need either neighborhood search or probabilistic density estimation, and is thus not
sensitive to parameter tuning or changes in sample density. Its ability to effectively and non-critically reduce feature
dimensionality in relation to diagnostic performance simplifies real-time implementations, enables generalized models
across different operating conditions, and increases overall reliability.

Scalogram images can be analyzed using variance-based features, such as Sum Variance and Sum of Squares
Variance, which provide an initial estimate of the spread and distribution of pixel intensities across the time-frequency
domain. These characteristics directly point to the unevenness of vibration energy distribution of bearing faults, healthy
and faulty conditions having narrower and broader distributions, respectively, with respect to irregular impulses.
Continuing this discussion, cluster-based descriptors that extend the above analysis, such as Cluster Shade and Cluster
Prominence, measure asymmetry and peak sharpness of scalogram distributions [17]. When bearings are healthy in
operation, their textures are usually balanced, but when defects begin to appear, they develop skewed and peaked
signatures that are indicative of robust nonlinear modulations as well as repetitive impact signatures. These characteristics
are especially important when it is sought to notice early stages of spalling or crack propagation, in which local distortions
initially emerge in the time-frequency representation. Adding to these, local variation measures like Difference Variance,
Contrast, and Dissimilarity model differences in pixel-to-pixel intensity, and provide sensitivity to abrupt bursts of energy
and local fault-based variation. Normal bearings produce less pronounced, more regular textures, though defect
development produces more contrasts and anomalies, which are readily appreciable under these measures. Furthermore,
to offer a good temporal view, Autocorrelation has the ability to measure the repetitive occurrence of image patterns,
which, in essence, help to indicate repetitive fault impulses related to localized outer race, inner race, or rolling element
defects. These two characteristics are not only used to determine the existence of faults but also to distinguish between
gradual degradation and catastrophic failure [18].

The other important set of characteristics is associated with smoothness and measures of energy distribution.
Maximum Probability and Energy express the prevalence of particular textures and the consistency of pixel
configurations, both of which are greatly diminished in non-defective circumstances when the energy is scattered
throughout the scalogram. The Inverse Difference, Homogeneity, and Inverse Difference Normalized are used to measure
the smoothness of texture, that is, how uniform the levels of intensity are distributed. These values are large in a healthy
bearing, indicating homogeneity of time-frequency energy, but they are associated with an irregularly fault-induced burst
action. Correlation also adds some depth to this view by measuring the extent of linear dependence of pixel intensities.
Strong correlation suggests repetitive, regular signals, whereas randomness on the fault causes the relationship to break
[19]. Lastly, entropy and information-theoretic measures are even more insightful at fault severity and complexity.
Entropy, Sum Entropy, and Difference Entropy are direct measures of the randomness and the disorder of the scalogram
and are used as direct measures of instability. Although global entropy indicates general complexity, difference entropy
is very sensitive to small irregularities in the early stages of evolution that are not easily noticed using other measures.
Inverse Difference Moment Normalized is used to deal with differences in scale in the homogeneity assessment of various
operating conditions. Besides, nonlinear and higher-order dependencies are captured in the Information Measure of
Correlation 1 and 2, which provide better discrimination in complex situations with overlapping fault types. Being a
universal standard, the Mean (Average) intensity is the total energy concentration of the scalogram images, which can
easily be compared between normal and abnormal conditions. These variance-based, cluster-based, correlation-based,
entropy-based, and smoothness-based features, as a unified set, are effective in detecting and classifying faults reliably in
bearing diagnostics using machine learning models [20].

2.3 Machine Learning Methods

Fault diagnosis is an area where Machine Learning (ML) is transforming the world, as it allows automatic feature
extraction, adaptive classification, and accurate prediction even in a complicated operating environment. Signals used by
bearings are not usually stationary, are full of noise, and are influenced by load, speed, and temperature changes.
Typically, the diagnostic pipeline includes signal acquisition, preprocessing, feature extraction (time, frequency, or time-
frequency domain), dimensionality reduction, and supervised classification.

2.3.1 Logistic Regression
Logistic Regression is a probabilistic linear classifier that models the conditional probability of a class label using the
sigmoid (logistic) function.

1

P(y=1/x) = 15 oCo™0) 2
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where @ and b are optimized by minimizing cross-entropy loss. LR’s key strength is that the interpretability feature
weights indicate how input parameters contribute to fault likelihood. LR works best when class boundaries are
approximately linear, and datasets are not extremely high-dimensional. While it may not match nonlinear classifiers in
accuracy, its probabilistic output supports threshold-based health monitoring and online decision-making in resource-
limited industrial systems [21].

2.3.2 Support vector machine

Support Vector Machine, which is a supervised machine learning model that categorizes the data by showing an optimum
separation between different classes with a maximal margin. Its mode of operation is to identify the most important data
points, colloquially referred to as support vectors, which define this decision boundary. In the case where CWT is applied
to transform a signal into time-frequency images or feature vectors, SVM occurs on the resultant features to identify fault
types. SVM uses support vectors, or the nearest data points to the decision boundary, in order to identify the best
hyperplane to separate two classes. Stability to generalization and lack of overfitting. Margin maximization is primarily
used to address small sample problems, which tend to overfit. The decision boundary for a linear SVM is defined as
wlx + b = 0, where w is a weight vector, and b is a bias. The optimization problem is written as:

1
P 2 . ) T, >
r{vugl 5 [lw||? subjected to y;(w"x; + b) = 1 3)

For nonlinear problems, SVM uses kernel functions such as RBF, polynomial, or sigmoid:
k(xi,xj) = <P(Xi)T <P(Xj) “4)

where ¢ maps data into a higher-dimensional space. With CWT scalograms, SVM operates either on statistical features
or deep features.SVM is capable of working on nonlinear complex data in contrast to simple linear classifiers, where data
is projected into higher dimensions through the use of a kernel function. This capability enables SVM to learn complex
associations among vibration signal characteristics of bearing fault data [22-24]. It is very resilient to noisy measurements
and small samples, and is therefore well-suited to industrial diagnostics with limited clean labeled information. SVM is
repeatable and gives a consistent result, and does not overfit because it uses only important boundary points and not all
data samples. Under bearing fault diagnosis, SVM is applied to the classification of various defects like inner-race, outer-
race, and rolling element faults. Even with smaller feature sets to support real-time applications, researchers have reported
diagnostic accuracies greater than 98%. The feature extraction methods, such as wavelet transforms, Variational mode
decomposition (VMD), and empirical mode decomposition (EMD), have been combined with SVM. This combination
can improve its localized damage pattern and eventual vibration detection [25]. It is also doing a good job in detecting
faults in the early period, so the maintenance staff can avoid disastrous machine breakages. SVM also has multi-class
extensions to deal with the complex fault classification problem with multiple fault classes. Its ability to generalize also
makes it so that when trained, it can properly classify previously unobserved operating states. SVM is computationally
more expensive than simpler models. However, better solvers and hardware acceleration have made it practical to use in
online monitoring systems [26]

2.3.3 K-Nearest Neighbor

K-Nearest Neighbors (KNN) is a very basic yet powerful supervised machine learning algorithm, and it is used in the
solution of classification problems. It is founded on the comparison of the new sample of data with those that are kept,
and gives the name of the class to the nearest data points to it. In the case of CWT, the features are based on time-
frequency coefficients or a salogram, which are input to KNN, and the classification is determined using the similarity of
features instead of training models. KNN is based on the fact that similar data points (with regard to their classes) are
seen clustering in feature space. The Euclidean distance is normally used to calculate the distance between samples:

dx,y) = ®)

KNN does not build a model but stores training data, making it suitable for CWT feature classification where patterns
are visually separable. The choice of k influences performance: small k causes noise sensitivity, while large k reduces
class separation. KNN is an intuitive pattern recognition technique because the distance measures are used to determine
the proximity. Due to its non-parametric nature, KNN does not make any preconceived assumption about the data
distribution, and thus can be applied to real-world signals [27]. KNN uses vibration-based sensors in the analysis of
defects during bearing fault diagnosis. It is able to clearly distinguish between normal operation and inner-race, outer-
race, or rolling element faults. Its main advantage is that it does not need a training phase, and it can be deployed quickly
with very low computational costs. KNN can adjust to new data with ease and thus is applicable in fault monitoring
systems over the Internet. It is stable where the feature extractors, such as wavelet transform or VMD, are used to sharpen
the signal. Since it is making decisions based on real data points, it is inherently interpretable and transparent [28]. KNN
is suitable if the dataset size is small or medium-sized and the fault classes are fairly separated in feature space. It can be
best used to prove the existence of diagnostic information in selected features.
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2.3.4 Bagged tree

Bagged Trees is an ensemble learning technique that enhances the classification accuracy through the combination of the
outputs of many decision trees. Their method is based on training large numbers of individual trees on random subsets of
training data, known as bootstrap sampling. All trees make their own classification decision, and the overall output is a
majority vote of all the trees. At the implementation of CWT to create features, bagged trees are trained to learn many
decision boundaries across large sets of features, resulting in fewer overfits and lower variance. Sampling with
replacement is the primary principle, according to which several training sets are constructed and each of the trees is
trained on its own. By majority voting within trees, the final tree prediction is achieved. If T4, T; ... T, are individual
tree predictions, the final bagged classifier is:

f(x) = mode{T; (x), To(x), ... Tn(x)} (6)

This method makes the model less susceptible to changes in the data and allows for the reduction of overfitting relative
to a single tree. Bagged Trees are used in bearing fault diagnosis to distinguish between the vibration characteristics of a
healthy and defective condition [29]. The ensemble effect provides predictive stability even in the case of individual
decision trees, making erroneous decisions based on noisy or incomplete signals. They are especially useful when one
has to deal with large and heterogeneous datasets, when different operating conditions have to be taken into account. One
uncommon benefit is that Bagged Trees inherently give a score of the importance of features that assist engineers in
determining the signal parameters that have the biggest impact on fault detection [30]. They do not need significant
parameter tuning and can be applied in industrial practice. The reason why Bagged Trees can be applied within online
monitoring systems is that they can be quickly trained. The technique has strong resistance to noisy signals, and therefore
can be used in rugged conditions where vibration measurements are fragile. It works effectively in combination with
feature extraction techniques like wavelet transforms, VMD, or statistical analysis [31]. Since the ensemble aggregates
large numbers of weak learners into a single strong learner, the diagnostic accuracy and the diagnostic reliability are
always enhanced. Generally, Bagged Trees are appreciated because they are stable, interpretable, and can easily
extrapolate to unknown bearing fault conditions.

2.4 Experimental Setup

2.4.1 CWRU data

One of the best-known benchmark datasets currently used to diagnose intelligent faults in rotating machines is the Case
Western Reserve University bearing dataset, which provides high-quality vibration data and is under controlled
experimental conditions. A specially constructed test rig, comprising a 2-hp Electric motor, a torque transducer, a
dynamometer, and a series of deep-groove ball bearings (SKF 6205-2RS JEM), was used to record the data, as shown in
Figure 2. The detailed operating parameters and bearing characteristics associated with this experimental setup are
summarized in Table 2. In order to model the bearing faults in the real world, electrical discharge machining (EDM) was
used to add controlled single-point defects to the inner race, outer race, and rolling elements of the diameters 0.007, 0.014,
and 0.021 inches. High-resolution vibration signals with a bandwidth of up to 10 kHz were measured using accelerometers
mounted on the drive-end (DE) and fan-end (FE) bearing housings of the motor. The DE and FE represent two distinct
sides of the motor where measurements were recorded. As the vibration response varies with bearing position, the present
analysis and calculations are focused on the data acquired from the drive-end (DE) bearing. The sampling frequency used
was 12 kHz to 48 kHz to ensure that bearing fault signals could be properly captured at different motor speeds of 1797,
1772, 1750, and 1730 rpm. The test rig could be operated under various load conditions between 0 and 3 hp, thus collecting
data under various working conditions [32].

Table 2. CWRU Bearing specifications

Sr.no Bearing Parameters CWRU
1 Class of bearing 6205 (SKF)
2 Outer race Diameter (mm) 51.99
3 Inner race Diameter (mm) 25.01
4 Size of the ball (mm) 7.94
5 Quantity of the ball 9

The principle of operation was to operate the motor with the given load and the given speed conditions and to adjust
the torque with the dynamometer to sustain the same operating conditions. Localized defects are represented by the
vibration signals measured at both bearing locations and consist of periodic impulses, which are modulated by shaft speed
and bearing geometry. These cues are a perfect source of feature extraction in time, frequency, and time-frequency space.
CWRU data is highly useful in bearing fault diagnosis as it provides a controlled, repeatable, and labeled environment,
which is suitable to create and test machine learning models, signal processing methods such as VMD, STFT, or CWT,
and intelligent diagnostic methods that are a combination of the former. Its exhaustive classification of types of fault,
severities, and operating conditions allows researchers to compare their procedures with those of previous researchers in
a consistent manner. Additionally, due to the availability of both drive-end and fan-end measurements, the dataset can be
used to test the propagation of fault signatures through the shaft system, which is essential to the development of a robust
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diagnostic model. Specification--rotor speed, fault size, radial load, and much more detailed--improves the credibility and
scientific usefulness of the dataset, and compatibility with MATLAB and Python toolboxes makes signal preprocessing
and the recreation of the experiment simpler. Such a combination of exact instrumentation, thorough labeling, and its
popularity has made CWRU data a worldwide standard to evaluate the accuracy, reliability, and generalization of bearing
fault diagnostic methods in academic and industrial studies.

Electric Torque
Transducer

Figure 2. CWRU Bearing test rig (authors’ own illustration). [33]

2.4.2 Machinery fault simulator rig

The Machinery Fault Simulator (MFS) rig is a flexible experimental platform that can be used to investigate the dynamics
of rotor bearings and obtain vibration measurements under controlled fault conditions. A horizontal rotor was supported
with a SKF 6004 deep groove ball bearing in this study, and fault conditions like inner race defect, ball defect, and outer
race defect were induced artificially with detailed specifications summarized in Table 3. This configuration also included
a DC motor that could serve as a servo to change the shaft speed between 200 rpm and 3000 rpm at 200 rpm intervals, so
that systematic behavior analysis could be performed in relation to speed. To record vibration signals in high fidelity, a
multi-axis piezoelectric accelerometer of sensitivity 10.33 mV/g was attached to the bearing housing. Sampling frequency
was 12 kHz to obtain data that accurately represents defect-induced high-frequency components. The MFS rig is designed
with high-accuracy alignment functions to minimize undesired mechanical noise, and the strong shaft-bearing design
resembles the actual industry environment. The modular design of the rig allows for replacing test bearings quickly and
introducing local defects in order to recreate the experiment. The servo control of the DC motor permits the fine control
of the speed, which is necessary to test the dynamic responses in the various operating regimes. The testing of bearings
was conducted under normal and faulty conditions to get fully developed datasets. The obtained signals, which include
the information regarding structural resonances and defect frequencies, are useful input in the development of machine
learning and signal processing algorithms.

Table 3. MFS Bearing specifications

Bearing type Deep groove ball bearing (MFS)
Outer race diameter (mm) 47
Inner race diameter (mm) 29.31
Size of the ball 7.874
Size of the bearing pitch 33.477
Total number of rollers 8
Contact angle 0
Defect Size (mm) 0.5

Figure 3. MFS rig and data acquisition

To reduce the effect of external vibrations, the rotor shaft is usually held by a rigid frame, and to ensure the smooth
transmission of the torque, coupling mechanisms are provided. High-quality SKF bearing use provides consistency of
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results, and the controlled size of defects allows validation of diagnostic models. This methodological approach helps to
isolate fault signatures without the interference of other irrelevant sources. The positioning of the accelerometer allows
recording radial and axial vibrations, which makes the data set compatible with advanced time-frequency and feature-
extraction methods. The sampling rate of 12 kHz is higher than the Nyquist frequency of bearing fault components, so
the sampling rate avoids aliasing and allows waveforms to remain intact. The pattern of degradation reported is actual
and serves as a reference point to test prognostic and diagnostic tools. The influence of the rotational dynamics on the
fault propagation can be examined in detail since the speed can be changed gradually. These holistic data are essential to
the design of effective predictive maintenance systems, fault classification programs, and reliability enhancement
programs. The MFS rig has proven itself as a dependable platform to conduct research in condition monitoring and
bearing fault diagnosis by incorporating high-quality sensors, the control of precise speed, and consistent defect modeling.
As shown in Figure 3, the test rig is equipped with a bearing loader, a rotating disc, a flexible coupling, and an
accelerometer. The speed controller regulates speed variations between 200 and 3000 rpm. Acceleration is converted into
digital signals using a signal conversion device. Furthermore, the signals are saved in the computer for later analysis.

rpm 1730 (CWRU) 1800 (MFS)
Original
Scalogram
Red
Green
Blue l‘!”Vi ‘“ |u .|< hi ‘
,u l‘l' Mjl”l Wl)l‘\ h’“
WXM‘ AM Al NJ W H MW-W M-'AUM e

Figure 4. Healthy bearing scalograms

3. Results and Discussion

In this study, the CWRU-bearing data and the MFS-bearing data were used as sources for automatically extracted
scalogram information. The 64 vibration signals of CWRU denoting different fault conditions of bearing were
transformed into RGB scalograms using the Coiflet wavelet coefficients. The variation of the strength of the RGB
scalogram under various fault conditions is observed. Under MFS, 60 vibration signals are recorded in the HB, IRD,
ORD, and BD fault conditions. The Morlet wavelet coefficients were converted into scalograms, and all scalograms were
finally converted into 180 RGB images. Each RGB scalogram generated several texture features, which were ranked
using the Fisher score. Figures 4 through 7 demonstrate the original scalogram and the corresponding RGB scalogram
under the same fault conditions at 1730 rpm and 1800 rpm on CWRU and MFS, respectively. The comparison between
the CWRU and MFS datasets should be conducted at the same or nearest operating speed to ensure consistency. At this
speed, visual differences can be effectively identified. It is observed that pattern variations become more pronounced
under different fault conditions. Additionally, the spike amplitudes in the CWRU scalograms are prominently higher
compared to those of the healthy bearing scalograms from the MFS dataset. Figure 5. The additional blue-filtered
scalogram of CWRU shows greater intensity and color variation than MFS. In the same way, the intensity change of
green and red filtered scalograms of CWRU is greater than that of MFS.
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Figure 5. Ball defect scalograms
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The variation in brightness between the BD and MFS scalograms is larger than in CWRU, as in Figure 5. The variation
in measurement points among scalograms in IRD and ORD conditions is presented in Figures 6 and 7, respectively. It is
noted that, based on the IRD and ORD, greater variability in the red scalogram was noted. IRD condition of CWRU in
the green scalogram exhibits a more extreme variation as compared to ORD. Lastly, the blue scalogram of both conditions
shows the differences in their images.
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Figure 8. Fisher score ranking for CWRU
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Figure 9. Fisher score ranking for MFS

It has also been noted that images do not provide relevant information for different fault conditions. Thus, the authors
obtained 21 texture features of all the RGB scalograms of CWRU and MFS data. Also, Fisher score-based feature ranking
has been performed to find the relevant features, and the ranked features are denoted in Figure 8 in the CWRU data. The
Feature ranking based on the Fisher score of MFS data is depicted in Figure 9. The feature vectors and training are
subjected to classifiers such as SVM, KNN, etc., and the tenfold cross-validation is conducted. The attributes are split
into ten matching sets, and ten reiterations are performed on the tenfold cross-validation scheme. Training and tenfold
procedures were used to obtain confusion matrices with the considered classification algorithms. The comparison
outcome of logistic regression, SVM, KNN, and Bagged Tree as counted on tenfold accuracy at eight and twenty-one
features of CWRU and seventeen and twenty-one features of MFS is provided in Table 4.

A TP+ TN 100% @)
= X
CeUracy = TP ¥ TN + FP + FN 0

where TP = True Positives, TN = True Negatives, FP = False Positives, and FN = False Negatives. This equation is
consistent with the confusion-matrix results shown in Table 5, ensuring transparent performance computation across
classifiers.

Table 4. Features accuracy

Classifier Bearing condition At 8 features At 21 features At 17 features At 21 features
CWRU MFS

HB_BD 96.7 88.3 95.6 933

Logistic Regression HB_IRD 58.9 91.1 90.0 91.1
HB_ORD 96.9 94.8 85.6 78.9

HB _BD 98.3 96.7 83.3 84.4

SVM HB_IRD 51.1 50.0 83.3 83.3
HB_ORD 93.8 94.8 76.7 82.2

HB_BD 98.3 98.3 63.3 84.4

KNN HB_IRD 85.6 86.7 85.6 88.9
HB_ORD 97.9 96.9 75.6 84.4

HB_BD 98.3 100 77.8 82.2

Bagged Tree HB_IRD 85.6 86.7 87.8 85.6
HB BD 98.3 98.3 63.3 84.4
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at 8th Features

Table 5. Confusion matrix

at 21st Features
Confusion matrix (CWRU)

at 17th Features
Confusion matrix (MFS)

at 21st Features
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The results of the computations were also reported after a 10-fold cross-validation was applied to each subset of fault
conditions. A maximum tenfold accuracy of 96.7 percent was attained using Logistic regression using the eighth feature,
and a maximum tenfold accuracy of 94.8 percent using twenty-one features using the CWRU data. In the MFS dataset,
the highest tenfold accuracy of 95.6% was achieved at 17 features and 93.3% at 21 features. It is also noted that a
maximum tenfold accuracy of 98.3% was obtained with SVM using the eighth feature, and a maximum tenfold accuracy
of 98.3% was obtained with SVM using twenty-one features on the CWRU dataset. And in the MFS dataset, a maximum
tenfold accuracy of 83.3% was achieved at 17 features, and 84.4% at 2/10 features. It was found that the KNN classifier
achieved 98.3% accuracy on the CWRU dataset at the eighth and twenty-first features. And in the case of the MFS dataset,
the maximum tenfold accuracy of 85.6% is achieved at 17 features, and 88.9% at 21 features. Among the classifiers of
the bagged tree, the highest tenfold accuracy of 98.3% was observed for the eighth feature, and the maximum tenfold
accuracy of 100% was observed with twenty-one features in the CWRU dataset. And in the MFS dataset, the highest
tenfold accuracy of 87.8% is at 17 features, and 85.6% at 21 features. We also found that the HB BD (Healthy Bearing
data compared to Ball Defective data) condition shows better results than all the other conditions. Moreover, to evaluate
the accuracy of all ML algorithms and their performance across classes, when error types are more frequent, a confusion
matrix is a useful method for summarizing individual accuracy in a tabular format. The correct prediction is indicated by
the diagonal elements in the confusion matrix, and the incorrectly predicted results are indicated by blue color, as indicated
in Table 5. Based on Logistic regression, we find that there are a few false positives in the CWRU dataset. It is also noted
that all the cases of ball deficiency and normal bearing are unquestionably identified in CWRU through Bagged tree
classifiers. Tenfold cross-validation can justify the effectiveness of the proposed methodology on defect spots.

4. Conclusions

In this work, the authors applied the Continuous Wavelet Transform to generate RGB scalograms for various fault
conditions from the CWRU and MFS data sets. Several texture features based on GLCM were extracted and ranked using
the Fisher score to efficiently identify fault conditions. The result can be summarized as follows:

Maximum relative energy criteria are used for five different mother wavelets in both data sets. Coeflet and Morlet
wavelets were selected for the CWRU and MFS datasets, respectively. Four classifiers and three pairs of different bearing-
fault conditions are compared using tenfold cross-validation.

(1) The maximum tenfold accuracy was observed in both datasets for the eighth and seventeenth features under
HB_BD conditions.

(i) Maximum accuracy of 98.3% is observed with eight ranked features, and 100% with all 21 features extracted
from the CWRU dataset.

(iil) Maximum accuracy of 95.6% is observed with 17 ranked features, and 93.3% with all 21 features extracted
from the MFS dataset.

(iv) RGB scalograms generated from the CWRU dataset achieve better tenfold accuracy than those from the MFS
dataset across all fault conditions.

(v) The bagged Tree classifier gives a maximum tenfold accuracy of 100 %.
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