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Abstract

Anti-friction bearings are fundamental components in rotating machinery. Any bearing
fault appearing during operation could lead to catastrophic damages and failures without
proper maintenance. Numerous methods have been developed for bearing fault detection
to reduce maintenance costs and avoid unscheduled downtime. However, once a bearing
fault is detected, assessing defect severity may be of more critical concern to industries, as it
determines the urgency of interventions such as replacement scheduling and maintenance
strategies. This paper presents an efficient estimation method for bearing fault severity
using vibration-based input parameters and machine learning. Based on modal characteris-
tics, key input parameters, the vibration amplitudes at the bearing fault frequencies and
their harmonics, are extracted from acceleration envelope spectra for their close correlations
with physical defect conditions. The nonlinearity between these spectral parameters and
bearing fault severity is revealed with experimental observations and is represented using
artificial neural networks. The model is validated on experimental vibration data measured
from a bearing rig, covering various defect scenarios of different sizes and shapes. The
classification criteria of bearing fault severity levels, ranging from healthy to severe, are
formulated based on physical defect sizes with maintenance recommendations. Robust and
accurate fault severity estimation is achieved across three bearing datasets collected under
different operating conditions. The proposed method addresses both fault detection and
degradation assessment for anti-friction bearings using simple vibration-based parameters
based on rotor and bearing dynamics, providing a practical framework for predictive
maintenance in industrial applications.

Keywords: anti-friction bearings; fault severity estimation; degradation assessment;
envelope analysis; vibration condition monitoring; predictive maintenance

1. Introduction
Anti-friction bearings are key components in rotating machinery such as wind tur-

bines, electrical motors, generators, and aircraft engines. Any faults developed in the
bearings are likely to lead to catastrophic machine failures. Hence, the early detection
for such fault/faults in the bearing is essential to carry out the required maintenance on
time. In condition-based monitoring (CBM), bearings have long been a crucial focus as
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their performance plays a significant part in the system’s reliability and safety. A wide
range of fault detection and diagnosis techniques have been developed. For example,
vibration-based condition monitoring (VCM) uses rotor dynamic concepts and applies sig-
nal demodulation techniques to extract fault characteristic frequencies (FCFs) from bearing
resonance responses [1]. Envelope analysis is one of the methods for this purpose. Based
on demodulation, the fault frequencies are enhanced in an envelope spectrum to effectively
recognise bearing faults and identify the exact fault type and location (i.e., an inner-race
fault, outer-race fault, cage fault, or rolling-element fault) [2,3]. Other signal processing
methods can also be used for identification of modulated bearing defect frequencies. Here,
envelope analysis is used.

However, in industrial practice, mere fault detection is insufficient. Beyond healthy
or faulty, the optimal residual time before replacement may be a more critical concern
to the industry. Once a bearing defect is detected, maintenance planning necessitates a
clear understanding of defect severity to determine the optimal timing for replacement.
In many cases, an early-stage or minor defect may be tolerable with regular monitoring if
it does not significantly impact performance (e.g., operating under low speeds and loads
or in a non-critical system), whereas a severe defect could lead to catastrophic failure and
compromise operational safety if not promptly maintained. Without intervention, a single
localised fault could develop into a distributed fault exhibiting different and complex
characteristics [4]. Hence, defect severity is crucial information for predictive maintenance.
The quantification of fault severity offers valuable insights into decision-making regarding
maintenance intervention, safety assurance, and cost optimisation [5,6].

In a broad sense, bearing fault severity is associated with the degree of a fault, such
as the physical defect size or the position in a bearing degradation path. The degradation
process of a bearing can be intractable due to the influence of numerous factors, such as
inappropriate installation, misalignment, lubrication issues, operational speeds and loads,
etc. Instead of directly assessing bearing defect severity, there are many research studies
that attempt to predict the remaining useful life (RUL) of bearings with a data-driven
strategy [7,8]. Relying on historical lifecycle data, the bearing end-of-life can be predicted
from the current operation time using condition measurements and machine learning (ML)
models [9]. However, despite the RUL estimates, the physical defect conditions in between,
such as the defect size and its progression, are unknown. There can be cases where RUL
prediction is made too late to allow sufficient time for replacement, particularly when the
defect reaches a severe stage. Specifically, physics-based models were used to track bearing
spall severity based on oil debris monitoring, strain gauge and vibration measurements
for understanding the spall propagation mechanism [10]. On this basis, quantitative
fault diagnosis may be achieved through bearing degradation assessment, which can be
categorised into two approaches: fault size estimation and fault severity estimation [11].
Fault size estimation quantifies defect dimensions to provide a physical measure of defect
condition or degradation rate. For example, the spall length of an angular contact ball
bearing was estimated in [12] based on mass loss via oil debris data. With physical defect
sizes, more reliable RUL could be predicted to support effective maintenance planning. In
vibration-based condition monitoring, signal processing approaches have been extensively
explored to estimate bearing spall sizes by determining the time interval between the entry
and exit of the defect zone [13,14]. For this purpose, typical impact vibrations are identified
from a few experimental and natural bearing defects in mainly ball bearings [13–16]. For
instance, singular spectrum analysis is used for filtering vibration data for determining the
fault entry and impact time [17]. Instead of estimating physical defect dimensions, fault
severity estimation methods attempt to provide quantitative assessments of the bearing
degradation state. This can be realised by constructing a numeric indicator that reflects
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the degradation process. For instance, the severity assessment index developed based on
signal randomness is found monotonically increase with the width of a few experimental
ball-bearing defects [18]. These studies were attempted only using a few experiments
and multiple defects were not tested simultaneously. The vibration evaluation criteria
outlined in the international standard, ISO 20816-1 [19], divide machine vibration into
four acceptance zones based on vibration velocity magnitude, i.e., the vibration of newly
commissioned machines, acceptable for long-term operation, unsatisfactory for long-term
continuous operation, and sufficiently severe to cause damage. Similarly, the bearing
degradation index based on fuzzy c-means clustering is utilised to classify bearing fault
severity levels, including the normal state, slight degradation state, and severe degradation
state [20]. An accuracy of 98% is obtained for degradation severity classification using
the vibration samples from bearing lifecycle datasets [20]. However, it should be noted
that the degradation index constructed based on the distance from mere healthy bearing
vibration data might not effectively reflect actual defect sizes. It is because the actual
defect conditions are not known. Various machine learning techniques, such as support
vector machines [21] and deep neural networks [22,23], have been applied to unveil bearing
degradation dynamics and predict bearing fault severity. Instead of using raw measurement
data as input, dependable features or parameters are extracted from the time domain
signals, e.g., kurtosis [21], the frequency domain signal—e.g., vibration spectra [23]—or
time-frequency domain signals such as Wigner–Ville transformation [15]. The raw vibration
data [22] time domain parameters [21] and spectrum data [23] may reflect the behaviour of
rotor and other machine dynamics in addition to the bearing vibration. These features do
not directly reflect bearing dynamics only and hence it is difficult to rely on these methods
for practical applications. Therefore, a standardised method is needed that can estimate the
damage severity caused by bearing defects using only bearing dynamics-based vibration
parameters by removing the effect of rotor and other machine component vibrations from
the measured vibration data.

The present study presents an ML model for bearing fault severity classification based
on the vibration-based parameters extracted from acceleration envelope spectra. The
envelope spectrum, if applied appropriately based on the rotor and bearing dynamics, is
an effective tool for bearing fault detection [2]. But it does not directly provide quantitative
insights into the defect size. Considering the correlation between vibration envelope
spectra and physical defect conditions, an artificial neural network (ANN) model is used
to unveil bearing fault severity from the acceleration amplitudes at different bearing fault
characteristic frequencies (FCFs). For model validation, a series of bearing fault experiments
were conducted on a bearing rig at different fault severities. Nonlinear behaviours in the
vibration amplitudes at fault frequencies are found across different defect sizes. The
severity of bearing faults is categorised into five levels, i.e., healthy, minor, medium,
high, and severe. For demonstration, the evaluation criteria of bearing fault severity
are formulated according to the surface area of the defect. The proposed methodology
is validated on three experimental bearing vibration datasets measured under varying
operating speeds. Excellent prediction accuracy is obtained, which reinforces its practical
viability towards industrial implementation. The main contributions of this work can be
summarised as follows:

(1) The vibration-based input parameters (FCFs) directly related to bearing defects are
used based on the rotor dynamics concept. Hence, this process eliminates the machine
dynamics from other machine components and unknown noises in the measured
vibration acceleration signals.

(2) A simple and efficient ANN-based ML model is used for bearing fault severity identifi-
cation. The purpose of the ML model, unlike any manual and conventional approaches,
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is to efficiently handle datasets and correlate bearing vibration responses with fault
severity. Other ML methods can also be explored but here ANN-based ML is used to
demonstrate the objectives of this research study.

(3) The evaluation criteria for assessing defect severity are formulated based on the
physical defect areas. The bearing defect severity levels can be defined based on the
industrial requirements. Estimating bearing defect size is the main challenge within
industries to schedule the replacement of the defective bearing.

(4) The application of the proposed method to measured vibration data from the roller
bearing rig demonstrates excellent classification accuracy across different severity
levels. The results highlight the effectiveness of the selected parameters for bear-
ing fault severity assessment to support predictive maintenance planning beyond
fault detection.

It is important to note that the research studies on the RUL estimation seen in the
literature are generally carried out based on high vibrations without knowing the exact
bearing defect severity at every stage of defect propagation. Hence, the RUL estimation
may not be a useful maintenance activity unless it is correlated with damage severity. There
are a few studies which have also attempted to relate vibration data with the bearing defect
severity classification but the input vibration data are not selected based on the rotor and
bearing dynamics. Hence, the proposed methodology is a viable approach which predicts
the severity zone of bearing faults. This is expected to support industrial maintenance
activity to plan the replacement of defective bearings based on defect severity.

2. Methodology
The ML model for bearing defect severity estimation is proposed using vibration-based

input parameters and artificial neural networks. The model is used based on measured
vibration acceleration signals from a bearing rig in laboratory setups. Defect-related
parameters are selected as input for the ANN to assess the severity level. The proposed
method can be summarised in Figure 1 based on the following steps: (1) first, the envelope
spectra of the vibration acceleration signals with different defect severities are computed
for bearing fault identification. (2) Second, the acceleration amplitudes at the bearing fault
characteristic frequencies are extracted from the envelope spectra as input parameters.
(3) Then, datasets are prepared based on the severity evaluation criteria relating to physical
defect sizes. (4) Lastly, the ANN model fitted on the training data can be applied to the
new data for testing. The purpose of the ML model, unlike any manual and conventional
approaches, is to efficiently handle datasets and correlate bearing vibration responses with
fault severity. Based on the ML model, bearing defect severity can be estimated from
measured vibration data for other operational conditions or new bearing rigs. The exact
implementation procedure can be applied without changing the ANN-based ML model
and the input parameters.

2.1. Envelope Spectrum

When a defect develops in an anti-friction bearing, metal-to-metal impacts are usually
generated as bearing components pass the defect during shaft rotations. The fault charac-
teristic frequencies are modulated with the resonance response of the bearing assembly.
Thus, amplitude demodulation is required to extract the defect-related frequencies from
the measured acceleration signals. To this end, envelope analysis is performed.

First, the measured acceleration signal is band-pass filtered as per the bearing reso-
nance band. Based on rotor dynamics, the filtration step attempts to preserve only the
bearing response while reducing the rotor-related low-frequency components [1,2]. Let a(t)
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be the filtered acceleration signal; its envelope signal s(t) can be given by the magnitude of
the analytical signal.

s(t) = |a(t) + jHilbert{a(t)}|, (1)

where Hilbert{·} stands for the Hilbert Transformation and j is the imaginary unit [2]. The
fast Fourier transform (FFT) of the envelope signal leads to the envelope spectrum (ES),
which efficiently reveals any spectral components at the fault frequencies (or FCFs) if a
defect initiates in the bearing.

To mitigate random noise interferences, it is preferable to compute the averaged
envelope spectrum (AES) derived based on the concept of power spectral density, as given
by [2]

SAES( fk) = E
{

S( fk)S*( fk)
}
=

∑M
i=1 Si( fk)S*

i ( fk)

M
, (2)

where SAES( fk) represents the AES obtained by averaging M envelope signal segments,
and Si( fk) and S∗

i ( fk) denote the complex ES and its conjugate of the i-th envelope seg-
ment si, respectively. Each data segment comprises N FFT points, where N = 2m. The
frequency index can be given by fk ∈

[
0, fs

2

]
(k = 0, 1, . . . , N

2 − 1), with fs representing the
sampling rate.

Figure 1. The flowchart of the ML model for bearing fault severity estimation.

2.2. Vibration-Based Input Parameters

Next, the selection of vibration-based input parameters for the defect severity es-
timation model is discussed. Due to the close relevance to actual machine conditions,
vibration-based parameters have been widely applied with ML models in various VCM
applications, such as fault detection and diagnosis in rotating machines [24,25]. The pur-
pose of this strategy is to provide simple yet effective metrics based on rotor dynamics for
industrial implementations.

For bearing condition monitoring, envelope analysis is important for its close relation
to actual defect conditions. The AES was initially applied as the input of the ML model
for predicting bearing remaining useful life from an envelope spectrum [9]. The implicit
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yet crucial relationship between envelope spectra and bearing life was explored, while
the dimensionality of input parameters can be highly dependent on the spectral range
of interest and the sampling rate, thereby leading to high computation costs. Apparent
nonlinear behaviours were observed within the bearings’ lifetime with variations across
different bearings of the same model and under the same operational conditions [9].

In this work, further improvements and applications are explored by extracting the
defect frequencies from envelope spectra to predict the severity level of bearing defects.
Based on the defective bearing components (i.e., cage, rolling elements, inner race, and
outer race, as in Figure 2), the defect frequencies, also known as fault characteristic fre-
quencies (FCFs), can be computed using bearing dimensions and the shaft rotation speed.
For example, four FCFs can be obtained for a roller bearing, namely fundamental train
frequency (FTF), roller spin frequency (RSF), roller pass frequency at an outer-race fault
(RPFO), and roller pass frequency at an inner-race fault (RPFI). As shown in Figure 3, due
to amplitude demodulation, different bearing faults correspond to various FCF peaks in an
envelope spectrum. Specifically, the inner-race fault exhibits a distinctive spectral pattern
with modulation sidebands. This is because of the defect’s rotation during shaft operation.
The roller fault also shows similar phenomena due to the movement of the roller itself,
where the RSF 2× is usually more dominant since the defective roller makes contact with
both the inner race and outer race during a single rotation.

 
Figure 2. A simple schematic diagram of a roller bearing.

Figure 3. The input parameters (marked by red dots) based on bearing fault characteristic frequencies
extracted from an envelope spectrum.
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The acceleration amplitudes of these FCFs are hence used as input parameters, con-
sidering their direct correlation with the physical occurrence of bearing defects. To ensure
the reliability of input parameters, these FCFs are obtained from envelope analysis and
experimental modal analysis based on rotor dynamics theory (see Section 4 for further
illustration). The harmonics at their second multiples are also utilised as they reflect the
modulation effects in bearing vibration signals, providing an enhanced representation of
fault features. The presence of 3rd and higher-order harmonics of the FCFs is generally not
found to be dominant or to stand out from the background noise in the envelope spectra in
most experimental cases. Hence, the FCFs and their second harmonics together provide
reliable metrics against random measurement noises with physical interpretability. Their
sensitivity to the change in defect severity is also observed based on the experimental
validation on a bearing rig (see Section 4.4). Therefore, eight vibration-based frequency
domain parameters from the AES are used to formulate the input vector for the severity
estimation model.

x(i) = [x1x2 · · · xn] =



SAES( fFTF)

SAES( fFTF2×)

SAES( fRSF)

SAES( fRSF2×)

SAES( fRPFO)

SAES( fRPFO2×)

SAES( fRPFI)

SAES( fRPFI2×)



T

, (3)

where x(i) ∈ Rn represents the input vector for the i-th vibration acceleration sample
measured from the selected bearing and n = 8. The parameter values can be computed
from the AES as per Equation (2). For I vibration measurement samples, the input data
X ∈ RI×n can be arranged as

X =


x(1)

x(2)
...

x(I)

. (4)

Compared to the direct use of envelope spectra, the input dimensionality is sufficiently
reduced. Before feeding into the ML model, the input parameters are standardised into a
consistent range (with their mean at zero and standard deviation at one) to avoid numerical
instability and accelerate the learning process.

2.3. Bearing Fault Severity Levels

The vibration-based parameters are labelled with their corresponding severity levels
to generate datasets for developing the ML-based fault severity model. This study provides
a general guideline for the measurement and evaluation of bearing defect size and severity.
Table 1 summarises the classification of bearing fault severity with the physical evaluations
and maintenance suggestions.

Hence, the measured vibration data can be categorised into different severity levels
based on the surface area of each bearing defect. For example, an experimentally seeded
inner-race defect is shown in Figure 4. An area of about 80.40 mm2 is removed from the
inner-race surface, leading to repetitive impact loadings during the shaft rotation. The
boundaries of the defect area for each severity level are further provided in Section 3.2
for demonstration. Note that the classification of the bearing fault severity depends upon
industrial requirements and can be redefined as per specific applications.
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Table 1. Classification of bearing fault severity levels.

Category Fault Severity Physical Evaluation and Suggestions

Level 1 Healthy No bearing defect is detected.

Level 2 Minor Early-stage defects develop, and degradation begins, e.g., slight wear and
small pitting. Regular monitoring is needed.

Level 3 Medium
Moderate defect sizes, e.g., moderate wear, pitting, or minor cracks, and

bearing degradation accelerates. Unsatisfactory for long-term operation and
replacement planning should begin.

Level 4 High Significant bearing defects, e.g., wear, spalling, cracks, and close to the end of
its useful life. Replacement is recommended to avoid catastrophic failure.

Level 5 Severe
Major bearing defects are considered to correspond to the bearing reaching its
failure limit. Continued operation will lead to catastrophic machine damages

and equipment failures. Immediate replacement is required.

Figure 4. An example inner-race defect of 4 mm width, 20.10 mm length, and 1 mm depth.

Using rectangular-shaped slots as examples, the dimensions of different bearing
defects can be depicted as shown in the schematic diagram in Figure 5. On this basis, the
surface area of a line defect or a circle defect can be estimated using the following equation:

Sd =

{
Wd × Ld (line de f ect)

πr2
d (circle de f ect)

(5)

where Wd and Ld denote the width and length of a line defect, and rd is the radius of a
circle point defect.

Figure 5. Schematics of faulty bearing components with illustrative defect dimensions in a projected
view for estimating physical defect sizes using area.

2.4. Machine Learning Model for Fault Severity Estimation

Artificial neural networks (ANNs), or multi-layer perceptron (MLP), are proved to
be powerful in modelling complex, nonlinear relationships with adaptive feature learning
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capability for diverse ML tasks, where the learned model can be implemented on unseen
data for predicting multi-response output [26]. In this work, the model of bearing fault
severity estimation is developed using ANN. The main idea of this work is to enable fault
severity assessment from the selected vibration-based parameters. The purpose of the ML
model is to handle the nonlinearity within bearing vibration responses and to simplify the
severity assessment procedure for industrial applications.

The estimation of fault severity level is formulated as a multi-class classification task
with an unknown many-to-one mapping. To this end, the ANN is structured with an input
layer corresponding to the standardised input parameters, i.e., the envelope acceleration
amplitudes of the bearing FCFs and harmonics, four hidden layers with optimised neuron
configurations, and an output layer representing a predicted severity level. Note that eight
pertinent input parameters, including FTF, RSF, RPFO, RPFI and their second harmonics,
are carefully selected based on rotor dynamic principles to characterise bearing defect
conditions; a six-layer ANN is utilised rather than a deeper or more sophisticated neural
network. The use of physically meaningful input parameters and a shallow network
minimises the need for learning high-level features directly from raw vibration data. It not
only enhances interpretability but also reduces computational costs and mitigates the risk
of overfitting.

As shown in Figure 6, the ANN is characterised by four fully connected hidden layers
with the hyper-parameters and setups tuned via grid search cross validation (GSCV).
Based on the training set, the network hyper-parameters, including the number of neurons,
activation functions, learning rate, mini-batch size, iteration number, and network optimiser,
are tuned with five-fold cross validation. That is, 20% of the training data is held out in
turn as a validation set for evaluating the average performance of a specific ANN setup.
Based on the GSCV, the ANN with the optimised network configuration can be determined
and further applied to unseen data for testing. Specifically, the number of neurons in the
hidden layers (h1 to h4) is 32, 64, 16, and 8. Among different activation functions, the
hyperbolic tangent activation function (tanh) is found to be the most suitable for each
hidden layer, which enables the network to capture the nonlinear relationships between
the vibration-based input parameters and the bearing fault severity output. The output
layer utilises five neurons with the softmax activation function to generate probabilistic
estimates across five severity levels: healthy, minor, medium, high and severe.

Figure 6. The ANN architecture (after hyper-parameter tuning) for estimating bearing fault severity
levels using FCF-based input parameters.

https://doi.org/10.3390/machines14070808
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To ensure the generalisation performance of the network, the dataset is randomly split
into the training set (64%), validation set (16%), and testing set (20%). The ML model is fitted
on the training set with a loss function to gauge its learning progress. The performance on
the validation set provides a basis for determining the end of training and fine-tuning hyper-
parameters. The testing set is used to evaluate the generalisation performance of the learned
network on new data samples. During training, the loss function based on the categorical
cross-entropy is utilised to measure classification performance. The weights and biases
of the network are adjusted through error backpropagation with the mini-batch gradient
descent algorithm for minimising the classification error. After hyper-parameter tuning,
the adaptive momentum estimation (Adam) optimiser is used with a learning rate of 10−3

and a mini-batch size of 32. An early stopping strategy based on the minimum validation
loss with a patience of 200 iterations without improvement is used to stop the training
and avoid overfitting. For performance assessment, an accuracy metric based on the recall
rate is used against costly false negatives (e.g., any undetected faults), ensuring estimation
robustness across different fault severity levels, as given by the following equation:

Accuracy (%) =
Icorrect

Itotal
× 100%, (6)

where Icorrect is the number of correct classifications and Itotal is the number of total samples.
On the above basis, the trained ANN model with the optimised network parameters

could be applied to new testing data under the same operational conditions for fault
severity estimation. For other operational conditions or different bearing rigs, the same
implementation procedure applies with the same ANN model and input parameters.

3. Experimental Rig and Bearing Defect Samples
The proposed method is further validated using measured vibration data from a roller

bearing test rig. A series of bearing fault scenarios with varying defect sizes are developed.
Here, the specifications of the bearing rig and the conducted vibration experiments are
discussed. The classification criteria of bearing fault severity are provided based on the
area of the defect.

3.1. Experimental Rig

The experimental bearing rig developed by the Dynamics Lab of the University of
Manchester is used for model validation [27]. As shown in Figure 7a, the rig mainly consists
of a steel shaft (50 mm in diameter), an induction motor drive, two support bearings, a
balancing disc, and a test bearing with a square flange housing and flexible support. For
vibration testing, the test bearing utilises a split roller bearing for ease in rig assembly
and developing multiple defect scenarios at various severity levels. The operation speed
of the bearing rig can be controlled using a variable frequency drive. The acceleration
vibration signals of the test bearing are measured from the accelerometers mounted on the
bearing housing using studs, as shown in Figure 7b. The accelerometers have a sensitivity
of 100 mV/g and a frequency range of up to 10 kHz is used here.

3.2. The Test Bearing and Defects of Various Severities

As shown in Figure 8 [27], the test bearing consists of the inner race, outer race, rollers
and cages held by a cartridge and a square flange housing. To simulate bearing defects of
various severities, a series of defects are designed on different bearing components. A total
of 22 experiments listed in Table 2 are conducted regarding different defect scenarios, which
are generated via computer numerical controlled (CNC) milling. These 22 experiments
with healthy and different defect scenarios and severities are purposefully designed for
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this study. The location and dimension of each defect are also specified in Table 2. The
physical specifications of the roller defects, outer-race defects, and inner-race defects are
further presented in Figures 9–11. Regarding the defect shape, a line defect refers to a
rectangular straight slot on the bearing component, while a widened defect with smooth
edges is denoted as a smooth defect, as shown in Figure 10. The experimentally simulated
defects may or may not observed in the natural defection propagation in a bearing during
machine normal operation. While the current experiments include defects in individual
bearing components and their combinations such that the study could evaluate all possible
combinations of defects. In reality, even with irregular shapes, varying orientations, and
different propagation patterns of defects in different components of a bearing, the total
defective surface area is expected to represent the proposed severity levels. One can define
its own bearing severity levels or limits based on practical applications.

(a) 

 
(b) 

Figure 7. The experimental rig with a split roller bearing [27] used for developing multiple bearing
fault scenarios at various severity levels: (a) mechanical setup; (b) a schematic diagram specifying rig
dimensions and sensor locations for vibration testing.

For demonstration purposes, the bearing defects are classified into five severity levels
according to the surface areas of the defects, as shown in Table 3. Note that if the presence
of a defect in the bearing does not affect its rotor dynamic behaviour and does not cause any
metal-to-metal impact which excites resonance of the bearing assembly, then the bearing
is considered to be healthy [2,27]. Such defects are expected to be independent of applied
loads, multi-shaft assembly, machine speeds, etc. In this situation, the surface-to-surface
contact among inner race, rollers, and outer race does not generate metal-to-metal (MtM)
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impulsive loads during shaft rotation with the bearing assembly, and therefore it does
not cause bearing resonance. Hence, the bearing defect frequencies are not excited and
there is no amplitude modulation within the bearing resonance frequency band [2,27]. This
is also evident when such defects are tested under different rotor unbalance conditions,
shaft misalignments and at five different speeds under balance disc loads and bearing
self-loads [27]. Therefore, the machine performance is not impacted by such bearing defects.
This is typically observed for roller bearings and hence roller bearings are typically suitable
for heavy duty machinery. This is the reason why the roller defect RD1 and inner-race
defects ID1 and ID2 are considered healthy in Table 3. These cases may not have an impact
on the required function of the bearing. They are further validated in the earlier study [27]
and are also shown in Section 4.2. Therefore, these cases are considered as “healthy with
zero defect area”. This highlights the importance of rotor dynamics theory on vibration-
based bearing fault detection for any machines [2]. Here, the dataset is divided into five
severity categories for the development of the ML model. However, the classification
entirely depends upon industry requirements and can be redefined for their own purposes.

Figure 8. The test bearing and its splitable components [27].

Table 2. The specifications of different bearing defect scenarios.

Defect Type Notation Shape Dimensions
(W: Width, L: Length, D: Depth)

Area
(mm2)

None DF0 -- -- --

Roller Defect (RD)
RD1 Line defect 2 × 12 × 1 mm (W × L × D) 23.14
RD2 Line defect 0.3 × 20.1 × 1 mm (W × L × D) 6.03

Outer-Race
Defect (OD)

OD1 Line defect 1 × 25 × 1 mm (W × L × D) 25
OD2 Line defect 2 × 25 × 1 mm (W × L × D) 50
OD3 Line defect 3 × 25 × 1 mm (W × L × D) 75
OD4 Line defect 4 × 25 × 1 mm (W × L × D) 100
OD5 Smooth defect 8.5 × 25 × 1 mm (W × L × D) 212.5

Inner-Race
Defect (ID)

ID1 Circle point defect 1 mm diameter, 1 mm D 0.79
ID2 Line defect 1 × 11 × 1 mm (W × L × D) 10.79
ID3 Line defect 1 × 20.1 × 1 mm (W × L × D) 20.1
ID4 Line defect 2 × 20.1 × 1 mm (W × L × D) 40.2
ID5 Line defect 3 × 20.1 × 1 mm (W × L × D) 60.3
ID6 Line defect 4 × 20.1 × 1 mm (W × L × D) 80.4
ID7 Smooth defect 6.5 × 20.1 × 1 mm (W × L × D) 130
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Table 2. Cont.

Defect Type Notation Shape Dimensions
(W: Width, L: Length, D: Depth)

Area
(mm2)

Added Defect (AD)

AD1 Line defect ID5 (3 mm W) & OD1 (1 mm W) 85.3
AD2 Line defect ID6 (4 mm W) & OD1 (1 mm W) 105.4
AD3 Line defect ID6 (4 mm W) & OD2 (2 mm W) 130.4
AD4 Line defect ID6 (4 mm W) & OD3 (3 mm W) 155.4
AD5 Line defect ID6 (4 mm W) & OD4 (4 mm W) 180.4
AD6 Line & smooth ID6 (4 mm W) & OD5 (8.5 mm W) 292.9
AD7 Smooth defects ID7 (6.5 mm W) & OD5 (8.5 mm W) 342.5

Figure 9. Roller defects (as marked by red arrows).

 

Figure 10. Outer-race defects (as marked by red arrows).
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Figure 11. Inner-race defects (as marked by red arrows).

Table 3. Classification of the defects into five severity levels.

Category Severity Level * Defect Area, S (mm2) Defect Scenarios

1 Healthy 0 DF0, RD1, ID1, ID2
2 Minor 0 < S ≤ 25 RD2, OD1, ID3
3 Medium 25 < S ≤ 50 OD2, ID4
4 High 50 < S ≤ 100 OD3, OD4, ID5, ID6
5 Severe S > 100 OD5, ID7, AD1 to AD7

* The bearing defects are divided into five severity categories for demonstration. The severity classification criteria
depend upon industrial requirements and can be redefined for their own purposes.

The acceleration vibration signals are collected using a data acquisition module with a
sampling rate of 25.6 kHz. Multiple vibration samples are collected, each lasting for 20 s.
For each bearing defect scenario, multiple shaft rotation speeds were operated to capture
vibration samples under different dynamics. Based on the shaft rotation speed and bearing
geometry, the fault characteristic frequencies of different bearing defects can be calculated
based on rotational dynamics using the kinematic equations [2], which are summarised in
Table 4. Experimental data are extensively collected at three different rotating speeds such
that the machine vibration behaviours are different; in this way, the proposed methodology
can be tested and validated for various operating conditions.
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Table 4. Dimensions of the test bearing and the bearing fault characteristic frequencies based on the
experimental shaft speed.

Parameter Bore Diameter Pitch Diameter Roller
Diameter

Number of
Rollers

Contact
Angle

Speed
Limit

50.00 mm 76.14 mm 12.98 mm 12 0◦ 4630 RPM

Dataset
Set

Rotation
Speed

Measured
Rotation Speed

Fundamental
train frequency

(FTF)

Roller spin
frequency

(RSF)

Roller pass
frequency

outer (RPFO)

Roller pass
frequency

inner (RPFI)

Dataset 1 720 RPM
(12 Hz)

709 RPM
(11.82 Hz) 4.90 Hz 33.66 Hz 58.83 Hz 83.01 Hz

Dataset 2 360 RPM
(6 Hz)

352 RPM
(5.86 Hz) 2.43 Hz 16.69 Hz 29.17 Hz 41.15 Hz

Dataset 3 1320 RPM
(22 Hz)

1312 RPM
(21.86 Hz) 9.07 Hz 62.25 Hz 108.80 Hz 153.52 Hz

4. Envelope Analysis
This section presents the envelope spectra of different bearing fault severities. The

bearing resonance band is first identified based on the hammer test to ensure effective
demodulation in the envelope analysis. The envelope spectra of the vibration datasets
measured under different operating conditions are examined. A non-monotonic pattern is
observed in the FCF amplitudes across different bearing defect sizes.

4.1. Identification of Bearing Resonance Band

As a defect develops in an anti-friction bearing, the associated fault characteristic
frequencies are often modulated with the resonance response of the bearing assembly.
Thus, it is crucial to identify the bearing resonance bands for demodulating the vibration
signals and detecting bearing faults. For this reason, a hammer test was conducted on
the test bearing to determine the resonance frequency bands of the bearing assembly. As
presented in Figure 12, the impact hammer with an in-built force transducer was used
to impose external excitations on the bearing assembly. The vibration responses were
measured using two accelerometers mounted on the flange housing from the vertical
and horizontal directions. As shown in Figure 13, a common bearing resonance band
from about 2 to 4 kHz can be determined from both acceleration spectra measured under
hammer excitations.

Figure 12. The impact hammer with an in-build force transducer and the accelerometers used to
identify bearing resonance bands.
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(a) 

(b) 

Figure 13. Measured acceleration spectra of the bearing assembly when excited using the impact
hammer, with a common bearing resonance band from 2 to 4 kHz in both directions (as marked in
red): (a) horizontal; (b) vertical.

4.2. Envelope Spectra of Dataset 1

Based on the identified bearing resonance band, the envelope spectrum is computed
for each vibration measurement to extract the defect-related parameters (bearing FCFs) as
per Section 2.1. Figures 14–16 present the vertical envelope spectra for all defect scenarios
under the shaft speed at 720 RPM (12 Hz). All the AES are computed using N = 1018 FFT
points (m = 18) with five averaging (M = 5) and a frequency resolution of 0.0977 Hz.

From Figure 14, it can be seen that the AES of the defect-free case (DF0) is characterised
by a spectral peak at the shaft rotation frequency of around 12 Hz, while other bearing
fault frequencies are invisible. For the roller defects, only RD2 with full length and 0.3 mm
width (refer to Table 2 and Figure 9) is detected with clear roller-fault frequencies at RSF
and its second harmonic, RSF 2×. All the outer-race defects are effectively captured by
envelope analysis with prominent outer-race fault frequencies at RPFO and RPFO 2×.

However, the roller defect RD1 with 2 mm width (refer to Table 2 and Figure 9) is not
captured by envelope analysis, and its AES is dominated by the shaft speed component
and its sub-harmonics without the presence of roller defect frequencies. This indicates that
the defect RD1 does not excite impact loadings and resonance responses of the test bearing.
Thus, no defect frequencies are captured in the envelope spectrum.

Similar observations are obtained for the inner-race defects ID1 (1 mm circle point
defect) and ID2 (1 mm slotted line defect; refer to Table 2 and Figure 15). As shown in
Figure 15, the envelope spectra of ID1 and ID2 are mainly dominated by the shaft speed
component and its higher harmonics, while the inner-race defect frequency at RPFI is
not identified. This suggests that impact loadings are not generated by the inner-race
defects ID1 and ID2. Hence, the severity levels of DF0, RD1, ID1, and ID2 are categorised
as healthy.

On the other hand, apparent fault frequencies at RPFI and RPFI 2× are detected
in the AES of the inner-race defect cases from ID3 to ID7. Furthermore, it is noted that
the acceleration amplitude decreases from ID4 to ID5, despite the increase in the defect
sizes. This indicates that the vibration amplitudes of the defect frequencies do not linearly
correlate with the defect severity. Therefore, the ANN model is proposed to handle the
nonlinearity in the bearing degradation dynamics.
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As for the added defect scenarios, apparent outer-race defect frequencies (at RPFO
and RPFO 2×) and inner-race defect frequencies (at RPFI and RPFI 2×) can be observed
from the corresponding AES, as shown in Figure 16. The outer-race fault features are likely
more dominant than the inner-race fault features.

Figure 14. The vertical envelope spectra at 720 RPM of the defect-free case (DF0), roller defect cases
(RD1, RD2), and outer-race defect cases (OD1 to OD5), exhibiting clear roller-fault frequencies in RD2
and outer-race fault frequencies in OD1 to OD5.

4.3. Envelope Spectra of Datasets 2 and 3

Other operational conditions were also conducted for different defect scenarios listed
in Table 3 at the shaft speed of 360 RPM (Dataset 2) and 1320 RPM (Dataset 3). These two
rotating speeds are expected to show different machine vibration behaviour compared to
the speed at 720 RPM.
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Figure 15. The vertical envelope spectra at 720 RPM of the inner-race defect cases ID1 to ID7, with the
inner-race fault frequencies detected from ID3 to ID7, with acceleration amplitudes reducing from
ID4 to ID5.

Figure 17 presents the envelope spectra of two inner-race defects, ID4 and ID5, under
different operating conditions. Note that the inner-race defects ID4 and ID5 are classified as
‘medium’ and ‘high’ severity, respectively. Reduced acceleration vibration amplitudes at the
inner-race fault frequencies are observed from their envelope spectra. This phenomenon is
observed across three different operation conditions (shaft speeds at 360 RPM, 720 RPM,
and 1320 RPM), which highlights the nonlinearity between the FCF amplitudes and bearing
defect severity.
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Figure 16. The vertical envelope spectra at 720 RPM of the added defect cases AD1 to AD7.

4.4. Nonlinearity in FCF Amplitudes and Defect Severity

The relationship between the fault frequency amplitudes and defect sizes is shown in
Figure 18. The result is obtained by summing all FCF amplitudes (refer to Equation (3)).
It is shown that the increase in defect severity does not necessarily result in increasing
vibration amplitudes. Although the FCF amplitudes rise initially as the defect size enlarges,
an amplitude reduction is observed beyond a certain defect size. The deviation from a
monotonic trend indicates the complex interactions among bearing defect propagation and
contact mechanics, which necessitates the development of nonlinear data-driven methods
to accurately assess bearing fault severity.
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Figure 17. Typical vertical envelope spectra of ID4 and ID5 under other operating conditions, showing
reducing acceleration amplitudes at the inner-race fault frequencies from ID4 (medium severity) to
ID5 (high severity) for both conditions.

(a) 

(b) 

Figure 18. Summation of the FCF amplitudes with respect to different bearing fault scenarios,
exhibiting a nonlinear and non-monotonic pattern as defect size increases: (a) machine operating
conditions at 720 RPM and (b) 360 RPM.
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5. Results of Fault Severity Estimation
To implement the proposed method for fault severity estimation, experimental datasets

based on bearing FCF amplitudes are arranged according to the operating condition. The
analysis begins with the results and observations from testing the data measured at a shaft
speed of 720 RPM. Further validations are performed for other operating conditions to
assess the robustness of the ML model.

5.1. Experimental Data Samples

Based on the measured vibration acceleration data, the vibration amplitudes at the
defect frequencies are extracted from the envelope spectra using Equations (1)–(4). These
vibration-based parameters are standardised as input vectors to the proposed ML model
for defect severity estimation. It should be noted that the present study does not focus
on the optimisation of the ML model. Rather, the ANN-based model is used solely as a
data-driven correlation technique to process the experimental data and estimate bearing
defect severity. For model fitting, the data samples of various defect scenarios are labelled
with the corresponding defect severities according to the severity classifications in Table 3.
For performance validation, the input parameter samples are generated for three different
operating conditions, i.e., the shaft rotation speeds at 360 RPM, 720 RPM, and 1320 RPM,
resulting in three datasets, i.e., Datasets 1 to 3, as summarised in Table 5.

Table 5. Experimental data samples at different operating conditions.

Operating Condition

Defect Severity
Level

Dataset 1
Condition 1:

720 RPM (12 Hz)

Dataset 2
Condition 2:

360 RPM (6 Hz)

Dataset 3
Condition 3:

1320 RPM (22 Hz)

Healthy 120 120 30
Minor 90 90 90

Medium 60 60 60
High 120 120 120

Severe 270 270 270

5.2. Operating Condition 1 (Shaft Speed at 720 RPM)

For Condition 1, the parameter dataset is randomly split into independent subsets
for training (64%), validating (16%), and testing (20%). After training for 500 iterations,
the classification performance of the ANN model on the training set, validation set, and
testing set is shown in Table 6. Table 7 summarises the accuracy for bearing fault severity
estimation across five severity levels on the testing set.

Table 6. Accuracy of fault severity estimation (%) of the ML model.

Training Set Validation Set Testing Set

Accuracy (%) 100.00 100.00 100.00

It is seen that the ANN model obtains 100% accuracy (Equation (6)) for all severity
categories using the selected FCF-based input parameters for severity estimation. The accu-
racy ensures that no faults go undetected. The rotor dynamics-based vibration parameters
that reflect bearing conditions are considered in the ML model to guarantee 100% diagnosis.
It is important for any industrial applications to ensure that the prediction is accurate in
order to make decisions on the maintenance activity. The performance suggests that the
specified input parameters based on bearing fault frequencies are representative of the
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defect severity and exhibit excellent performance in severity assessment when combined
with the ANN. The proposed method not only detects bearing faults but also provides
a direct estimation of the fault severity. Based on fault severity, crucial insights into the
time before replacement can be estimated, aiding effective maintenance planning to avoid
unscheduled downtime.

Table 7. Testing accuracy across different severity levels of the ML model under Condition 1
(720 RPM).

Actual

Estimation Healthy Minor Medium High Severe

Healthy 100.00 0 0 0 0
Minor 0 100.00 0 0 0

Medium 0 0 100.00 0 0
High 0 0 0 100.00 0

Severe 0 0 0 0 100.00

To substantiate the performance of the presented method, multiple strategies have
been adopted. First, an early stopping strategy has been implemented to avoid overfitting.
The network training process is shown in Figure 19 based on the training loss and validation
loss. With a small learning rate, the network was trained using mini batches for around
1000 iterations, with both the training loss and validation loss gradually reducing to a small
value, where no abrupt increase in the validation loss is observed with a decreasing training
loss. On the other hand, as shown in Figure 20 and Table 8, the confusion matrix and the
classification report further illustrate the network performance on the testing set. It is seen
that the trained network obtains 100% precision and recall rates, with similar performance
regarding the F1-score and accuracy metrics.

Figure 19. The network training loss and validation loss with respect to training iteration.

Second, other implementation strategies are utilised to ensure the robustness and
validity of the proposed method. These involve the selection of key input parameters
based on the rotor dynamics concept (as detailed in Sections 2.2 and 4), parameter stan-
dardisation, and sample randomisation of the training, validation, and testing sets. Fur-
thermore, the network parameters are also carefully selected based on grid search cross-
validation. Thus, repeatable performance is obtained by the trained network on three
medium experimental datasets.
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Figure 20. The confusion matrix on the testing set (for 720 RPM).

Table 8. The classification report on the testing set (for 720 RPM).

Precision Recall F1-Score Support Set

Healthy 1.00 1.00 1.00 23
Minor 1.00 1.00 1.00 16

Medium 1.00 1.00 1.00 12
High 1.00 1.00 1.00 19

Severe 1.00 1.00 1.00 62

Accuracy 1.00 132
Macro Average 1.00 1.00 1.00 132

Weighted
Average 1.00 1.00 1.00 132

Admittedly, the inherent complexity of the fault severity estimation problem is reduced
by carefully selecting a set of standardised parameters based on rotor dynamics. Note that
the extraction of bearing FCF from envelope analysis should be guided by the bearing
system’s resonance band, which has been identified via experimental modal analysis (see
Section 4.1). Also, the demonstrated nonlinearity of the FCF amplitude with bearing defect
size necessitates the use of a fine-tuned artificial neural network, which may outperform
traditional machine learning frameworks in capturing the latent nonlinear relationships
between condition monitoring measurements and fault severity.

5.3. Further Validations at Other Operating Conditions

For further validation, the same ANN model is applied to Dataset 2 and Dataset
3 under other operational conditions without any change in the vibration-based input
parameters. The rig was operated under the shaft speed of 360 RPM (6 Hz) for Condition
2 and 1320 RPM (22 Hz) for Condition 3. The dynamic behaviour of the bearing rig is
expected to be different from that of Condition 1 at the shaft speed of 720 RPM (12 Hz) due
to the residual unbalance and misalignment response. Here again, the parameter dataset is
randomly split into independent subsets for training (64%), validating (16%), and testing
(20%). Thus, the same ML model is applied to Dataset 2 with a total of 660 samples across
five severity levels (see Table 7). The result of defect severity estimation on the testing set is
summarised in Table 9, which shows the ML model is 100% accurate for healthy bearings
and the bearing defects at various severity levels. Similarly, the test performance of the
same ML model on Dataset 3 with a higher machine operation speed is listed in Table 10.
Excellent accuracy for fault severity estimation is also obtained.
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Table 9. Testing accuracy across different severity levels of the ML model under Condition 2
(360 RPM).

Actual

Estimation Healthy Minor Medium High Severe

Healthy 100.00 0 0 0 0
Minor 0 100.00 0 0 0

Medium 0 0 100.00 0 0
High 0 0 0 100.00 0

Severe 0 0 0 0 100.00

Table 10. Testing accuracy across different severity levels of the ML model under Condition 3
(1320 RPM).

Actual

Estimation Healthy Minor Medium High Severe

Healthy 100.00 0 0 0 0
Minor 0 100.00 0 0 0

Medium 0 0 100.00 0 0
High 0 0 0 100.00 0

Severe 0 0 0 0 100.00

The results show that the method is capable of assessing the severity levels of bearing
defects based on vibration-based input parameters, even when applied to a different
operating condition. The capability to evaluate bearing fault severity allows one to estimate
the time taken for replacement and schedule predictive maintenance.

Based on the experimental applications, the proposed method achieves excellent accu-
racy in fault severity estimation without requiring any modifications to its input parameters
and network structure. This highlights the effectiveness of the selected parameters based on
rotor and bearing dynamics and their advantage in the standardisation of bearing severity
assessment methodology. These parameters are generally not affected by the presence of
noises in the measured vibration signals if signal processing is carried out properly. It is also
important to note that the mode for the fault development in the bearing may be related to
the temperature, loads, lubricant deficiency, etc., but the dynamics response is expected to
be based on the rotor dynamics. The vibration-based input parameters are selected based
on rotor dynamics to reveal actual bearing faults, ensuring that the ML process remains
physically meaningful. Therefore, the proposed method can be seamlessly applied to any
machine with anti-friction bearings. It is also a generalised methodology for bearing defect
severity estimation for roller bearings. The trained ANN model is expected to work for
identical bearings in any other identical machines under the same operation conditions.
However, if applied to different bearings, the ANN model should be trained initially using
the corresponding input parameters defined in the proposed method, without any change
in methodology itself.

6. Conclusions
If any fault is detected in any anti-friction bearings, the bearing fault severity infor-

mation is essential information to trigger maintenance activities, compared to the RUL
estimation without knowing the defect severity. Hence, this study presents a methodology
for anti-friction bearing fault severity estimation based on vibration-based input param-
eters. These parameters are derived from only bearing resonance responses following
rotor dynamic principles to ensure that they are physically meaningful and related to the
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bearing health. Since the measured vibrations on any bearing pedestals inherently reflect
machine dynamics at the measurement location, raw vibration signals contain responses
from the bearings, rotor and other machine components. Therefore, bearing resonance band
identification and envelope analysis are performed to extract fault-related information and
provide a clearer understanding of bearing health conditions. The presence of bearing
fault characteristic frequencies and their harmonics in the envelope spectrum confirms the
existence of bearing fault(s). The spectral amplitudes of envelope vibration acceleration
at these fault frequencies are essential parameters that correspond to physical bearing de-
fects. Hence, these rotor dynamics-based parameters form the foundation of the proposed
method and are used with the ANN model for bearing fault severity estimation.

Using multiple roller bearing defects of various severities, the proposed method is
applied to measured vibration data from an experimental bearing rig. Based on physical
defect areas, the classification criteria for bearing fault severity are formulated with main-
tenance recommendations. It has been observed that the vibration amplitudes at bearing
fault characteristic frequencies are nonlinearly changing with bearing defect sizes (severity
levels). Despite that, the presented model effectively captures the nonlinear relationships
between the envelope spectral parameters and actual fault severity levels. High accuracy
across multiple experimental datasets is obtained, confirming the reliability and robustness
of the proposed methodology under different operating conditions.

The simple ML model offers significant advantages by enabling precise fault severity
assessment for anti-friction bearings with the use of appropriate vibration parameters
based on rotor dynamics. Based on the practical severity assessment criteria and the input
parameters pertinent to bearing resonance responses, the proposed method addresses both
bearing fault detection and severity estimation. The bearing defect severity estimation
is much needed information for the reliable predictive maintenance tool for optimising
replacement schedules and supporting maintenance decisions.

The proposed mythology is based on the bearing dynamics concept with a machine
learning model. This is an important step towards addressing the issue of estimating
bearing defect severity to support maintenance schedule. Further research is planned on a
few different rotating rigs with different bearings and varying operating conditions. The
related work is potential for industrial implementation and will further strengthen the
reliability of the proposed methodology.
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