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Abstract 
This paper investigated the implementation of machine learning algorithms for
health monitoring and fault detection of tapered roller bearings (TRBs)
(30205 J2/Q, 30206 J2/Q and 30207 J2/Q). Three defect models were considered: 
inner race defect, outer race defect and roller defect, in addition to data from the
healthy bearings condition. An L27 orthogonal array design was used to generate a
comprehensive dataset for each defect model, considering various operational
parameters such as load, unbalance, defect type, bearing type and speed. Kurtosis 
was extracted as the sole feature from the vibration signals for fault classification.
Several machine learning models, including artificial neural network (ANN),
decision tree, support vector machine (SVM), random forest, adaptive boosting 
(AdaBoost), extreme gradient boosting (XGBoost), gradient boosting and 
categorical boosting (CatBoost), were employed to predict fault severity. The 
results show that the ANN model accurately predicts faults based on the kurtosis 
metric. This study illustrates the capability of machine learning, particularly ANN,
in enhancing the predictive maintenance strategies for TRBs, thereby enabling
early fault detection under varying operational conditions. 

 
1. Introduction 

Rolling element bearings play a critical role in 
rotating machinery but are susceptible to early 
failure due to both mechanical and tribological 
challenges. Extensive research and international 
standards identify several root causes, including 
inadequate lubrication, misalignment, excessive 
loading, defects in material or manufacturing defects, 
environmental exposure such as dust and moisture 
and poor installation practices. Notably, nearly 80 % 
of bearing failures are associated with problems 
related to lubrication and wear mechanisms [1]. 
Bearing failures can lead to significant operational 
challenges, increased maintenance costs and 
potential safety concerns. As a result, precisely and 
promptly identifying defects in bearings is crucial 
to preventing unexpected equipment failures and 
maintaining uninterrupted operations. 

Tapered roller bearings (TRBs) are a specialised 
type of bearing that is extensively used across a wide 
range of industrial sectors. This is because they have 
a distinctive capacity to withstand both radial and 
axial loads, making them well-suited for numerous 
applications [2,3]. Bearing defects can take various 
geometric forms, including circular indentations, 
square pits and linear spalls across the bearing 
surfaces. It can experience a range of potential 
problems, including difficulties with its inner, outer 
and rolling components [3]. These defects can 
develop due to variables such as overloading, 
misalignment, lubrication issues and wear. 

Conventional maintenance practices, such as 
scheduled inspections and timely addressing of 
problems, frequently fail to detect problems in the 
early stages. Consequently, monitoring methods 
that analyse vibration, acoustic signals and thermal 
data have gained significance for identifying 
bearing problems early in the series [4]. The 
analysis of vibration patterns is a commonly 
employed technique for evaluating the condition 
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of rotating equipment because it can assist in the 
early identification of potential bearing problems 
[5]. Various analytical methods, such as time-
domain, frequency-domain and time-frequency 
analyses, are employed to diagnose bearing 
problems [6,7]. Jamadar and Vakharia [8] 
employed analysis of variance (ANOVA) to examine 
the influence of multiple factors, such as load, 
speed and defect geometry, on the considered 
vibration characteristics. Zarour et al. [7] used the 
ANOVA approach and Tukey's post hoc tests to 
identify effective indicators for detecting bearing 
deterioration in the early stages. 

Prior research on TRBs has mainly focused on 
investigating lubrication, contact dynamics and 
misalignment. The data signals were analysed 
using a variety of analytical techniques, including 
kurtosis, root mean square, peak levels and fast 
Fourier transform, to obtain valuable and 
informative attributes from the dataset [9]. The 
kurtosis statistic, a measure that captures the peak 
and heavy-tailed distribution of the data, can offer 
valuable information about the bearing's 
condition. This is because higher kurtosis values 
are often linked to the presence of localised 
defects within the bearing components [10]. 
Advanced methods, such as empirical mode 
decomposition, dimensional analysis, continuous 
wavelet transform, wavelets transform and fuzzy 
logic, have demonstrated effectiveness in 
identifying and diagnosing bearing defects. 
Giraudo et al. [11] developed a validated 
multibody model for spherical roller bearings with 
defects. It aids in generating synthetic datasets for 
training fault diagnosis algorithms. 

Gunerkar et al. [12] proposed a method that 
combines the wavelet transform with an artificial 
neural network (ANN) to effectively detect bearing 
faults, which is crucial for predictive maintenance. 
Their study contrasts this approach with the 
traditional k-nearest neighbors algorithm, which is 
a simple supervised learning technique that assigns 
class labels based on the majority vote of the k 
nearest data points. The findings demonstrate that 
the ANN-based method offers improved fault 
classification accuracy. Kumar et al. [13] developed 
an ANN model that effectively predicted the 
performance of a journal bearing under micropolar 
lubrication, thereby reducing the time required 
compared to traditional methods. Bankar et al. 
[14] studied deep learning models using vibration 
data to accurately identify faults in TRBs, achieving 
a 99 % success rate and outperforming traditional 

methods. The proposed deep learning approach is 
both efficient and effective for the real-time 
diagnosis of bearing failures. Narendiranath et al. 
[15] demonstrated that both ANN and deep neural 
network (DNN) deliver strong classification 
performance. The DNN model achieved a perfect 
100 % accuracy in diagnosing faults in self-aligning 
bearings. Similarly, the ANN approach yielded a 
highly accurate 95.7 % success rate. Ali et al. [16] 
used the empirical mode decomposition (EMD) 
and ANN approach, which effectively identifies 
diverse bearing faults. 

Leveraging run-to-failure vibration data enables 
real-time monitoring. Vijay et al. [17] 
demonstrated that wavelet-based diagnosing 
substantially enhances the signal-to-noise ratio, 
resulting in more effective feature extraction and 
more precise bearing fault classification. The 
methods proved successful with both synthetic 
and experimental data, and the ANN and support 
vector machine (SVM) models attained high 
classification accuracy by utilising denoised signals. 
Ertunc et al. [18] conclude that the combined 
application of ANN and flexible neuro-fuzzy 
analytical systems offers a powerful and reliable 
approach for bearing fault diagnosis. The adaptive 
neuro-fuzzy inference system model's enhanced 
capacity to manage uncertainty and complex 
patterns delivers superior performance in fault 
detection compared to ANN methods alone. 

Kaplan et al. [19] findings demonstrated that the 
ANN-based model is capable of achieving a perfect 
100 % accuracy in classifying the size of bearing 
faults, even when working with real-time data. 
Deák et al. [20] demonstrated that the Symlet-5 
and Morlet wavelet techniques were successful in 
identifying faults and estimating their sizes. Using 
the proposed approach, the maximum error in 
estimating defect size was a modest 4.12 %. 
Vibration data collected from the test setup was 
leveraged to validate the technique, with the 
findings further corroborated through optical 
microscopy and direct measurements. Tiwari et al. 
[21] optimised the bearing design, which improves 
both durability and dynamic capabilities, 
showcasing the effectiveness of the genetic 
algorithm approach in creating high-quality, 
reliable bearings. Sensitivity analysis verifies that 
the optimal design parameters do not negatively 
impact the bearing's dynamic performance. 

Önel and Benbouzid [22] presented a 
methodology that effectively identifies bearing 
failures through experimental assessments 
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involving deliberately introduced bearing damage. 
The radial basis function ANN model simplifies the 
fault detection and diagnosis process, 
demonstrating impressive accuracy in recognising 
bearing defects. Kankar et al. [23] found that ANN 
and SVM are effective tools for automated bearing 
fault diagnosis. Additionally, the research revealed 
that bearings with rough inner race surfaces 
exhibit chaotic vibrations, providing useful insights 
for detecting severe defects. Narendiranath Babu 
et al. [24] highlighted the superior effectiveness of 
DNN compared to conventional ANN in this field. 
DNN can deliver improved results by incorporating 
additional layers, ultimately enhancing the 
accuracy of fault classification. Patil et al. [25] 
demonstrate that integrating discrete wavelet 
transform and ANN yields highly precise bearing 
fault identification, facilitating efficient real-time 
condition monitoring and proactive maintenance. 

Samanta and Al-Balushi [26] used the ANN 
approach, which has emerged as an effective 
solution for accurately identifying bearing faults, 
thereby facilitating efficient real-time condition 
monitoring. Kumar et al. [27] proposed a 
technique utilising Shannon entropy and 
continuous wavelet transform, which proves to be 
an effective way of identifying defects and 
estimating their size in TRBs. Samanta et al. [28] 
examine and compare the ability of various neural 
network models, such as multi-layer perceptron, 
radial basis functions and probabilistic neural 
networks, to accurately detect bearing faults using 
vibration data. Additionally, the researchers used 
genetic algorithms to optimise the configurations 
of these neural networks, which, in turn, enhanced 
the overall accuracy of the fault detection process. 
The investigators used carefully controlled 
methods, including electrical discharge machining 
(EDM) and laser technology, to create artificial 
defects. This enables a consistent and 
comprehensive investigation of how bearing 
vibration patterns vary under different defect 
conditions [29]. 

In the present study, a detailed investigation 
was conducted on three TRBs (30205 J2/Q, 30206 
J2/Q and 30207 J2/Q). Failures were most 
frequently noticed in the inner and outer raceways 
and rolling elements, primarily due to surface 
fatigue, pitting, corrosion and fretting wear [30]. 
This research addresses these issues by using 
precise mounting methods combined with 
vibration-based condition monitoring through 
kurtosis analysis, supported by both industry 

standards and experimental validation. The main 
objective is to predict kurtosis values using several 
machine learning algorithms, including ANN, 
decision tree, SVM, random forest, adaptive 
boosting (AdaBoost), extreme gradient boosting 
(XGBoost), gradient boosting and categorical 
boosting (CatBoost). The parameters for this study 
were selected based on previous research 
emphasising their significance in the vibration 
behaviour of TRBs. The applied algorithm examines 
the effects of unbalance, load, speed and defects 
(circular, square and line defects) on vibration 
responses [31,32]. 
 
2. Experimentation setup and data 

acquisition 
 
2.1 Experimentation setup 

The experimental apparatus employed in this 
study, as shown in Figure 1, was created by 
Tyrannus Innovative Engineering and Research 
Academy [33]. It consists of a shaft driven by a 
three-phase induction motor, two supports, a 
flexible shaft coupling, bearings and a variable-
speed drive controller to regulate the rotational 
speed. The coupling serves to accommodate and 
compensate for any potential misalignment 
between the driven shaft and the motor output 
shaft. A healthy bearing is mounted at the motor 
side, while the sample bearing is positioned at the 
opposite end. A triaxial accelerometer is mounted 
on the support, as shown in Figure 1, to capture 
the vibration data of the sample bearing. 

 

 
Figure 1. Test setup: (a) healthy condition and (b) 

condition with artificial defect and unbalanced 

A dedicated data acquisition card NI-9234 
(National Instruments, USA) is used to interface 
with accelerometer sound and vibration 
measurement. This card is housed in the cDAQ- 
 

(a)

(b)
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Table 1. Specification of test bearings 

Designation 
Bearing parameter 30205 

J2/Q 
30206 
J2/Q 

30207 
J2/Q 

Inner race diameter, mm 25 30 35 
Outer race diameter, mm 52 62 72 
Total width, mm 16.25 17.25 18.25 
Inner ring width, mm 15 16 17 
Outer ring width, mm 13 14 15 
Net weight, kg 0.149 0.228 0.326 
Number of rollers 17 17 17 
Contact angle, ° 14.036 14.036 14.036
Pitch diameter, mm 38.5 46.0 53.5 
Roller diameter, mm 6.34 7.75 8.90 
Roller length, mm 10 11 12 

 
9178 chassis (National Instruments, USA), which is 
linked to a LabVIEW-enabled computer using a USB 
cable. A LabVIEW function has been implemented 
to capture the analogue acceleration signal in both 
the time and frequency domains and to store the 
data for subsequent analysis. The test bearings 
examined in this study were TRBs with 
designations of 30205 J2/Q, 30206 J2/Q and 
30207 J2/Q. The specifications of these test 
bearings are presented in Table 1. 

Localised defects of circular, square and line 
geometries with specified dimensions shown in 
Table 2 and outlined in Figures 2a, 2b and 2c were 
artificially induced on the inner and outer races 

and on the roller of the test bearings using CNC-
controlled Sparkonix ZNC EDM machine as 
illustrated in Figure 2d. Defects were created with 
a discharge current of 6 A, a 220 V voltage, a 100 
µs pulse on-time and a 50 µs pulse off-time. A low-
viscosity, highly refined mineral-based dielectric 
fluid was used to ensure adequate cooling. A 
copper-tungsten electrode was employed for 
consistent and repeatable defect creation. 

Table 2. Dimensions of bearing defects 

No. Defect 
position Defect size, mm Defect 

geometry

1 1 × through 
(diameter × depth) circular 

2 1.5 × 1.5 × through 
(width × length × depth) square 

3 

inner 
race 

2 × 7 × through 
(width × length × depth) line 

4 1 × 1 
(diameter × depth) circular 

5 1.5 × 1.5 × 1.5 
(width × length × depth) square 

6 

outer 
race 

2 × 7 × 2 
(width × length × depth) line 

7 1 × 1 
(diameter × depth) circular 

8 1.5 × 1.5 × 1.5 
(width × length × depth) square 

9 

roller 

2 × 7 × 2  
(width × length × depth) line 

 

 
Figure 2. Artificially induced defects: a) defects on outer race, b) defects on inner race, c) defects on roller and 

d) defects creation using EDM 
 

(a) 

(b) 

(c) 

(d) 
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Table 3. Input variables in bearing test 

Parameter Value 
Bearing number 30205 │ 30206 │ 30207 
Load, kg 1 │ 2 │ 3 
Speed, rpm 1000 │ 1500 │ 2000 
Unbalance, g 0 │ 10 │ 15 │ 20 
Defect geometry  circular │ square │ line │ no defect
Defect position inner race │ outer race │ roller 

 
To investigate the vibration behaviour of the 

test bearings under varying operating conditions 
(Table 3), the radial loads were adjusted to 1, 2 
and 3 kg. Similarly, the shaft rotational speed was 
controlled using a variable frequency drive, 

enabling speeds of 1000, 1500 and 2000 rpm. 
Additionally, unbalanced conditions were created 
by attaching concentrated masses of 10, 15 and 20 
g to the rotor. The test bearings, both with and 
without artificially induced defects, were 
reinstalled individually in the experimental setup 
to enable the collection of vibration data. 

To enhance experimental efficiency, the 
Taguchi L27 orthogonal array was employed, 
reducing the need for a full factorial design by 
limiting the number of experiments to just 27 trials 
for each defect category, including inner race 
defect (IRD), outer race defect (ORD) and roller 
defect (RD). This design facilitated a structured 
examination of five independent variables (bearing 
properties, rotational speed, applied load, 

Table 4. Input and output parameters as per design of experiments (DOE) and experimental results for inner 
race defect (IRD), outer race defect (ORD) and roller defect (RD) conditions 

Bearing 
number Load, kg Speed, rpm Defect 

geometry 
Unbalance, 

g 
IRD 

kurtosis 
ORD 

kurtosis 
RD 

kurtosis 
10 3.3585 3.4200 3.2236 
15 3.4952 3.7900 3.2756 1 1000 circular 

20 3.4542 3.5400 3.8115 
10 3.2878 3.6140 3.5479 
15 3.4906 3.7038 3.5022 2 1500 square 

20 2.9809 3.6260 4.3186 
10 3.3771 5.2200 5.4082 
15 3.5868 5.3700 5.2111 

30205 

3 2000 line 

20 4.1201 5.3500 5.8958 
10 3.5030 4.7400 3.6807 
15 3.9145 4.8712 4.0279 1 1500 line 

20 3.6986 5.0730 4.4125 
10 3.4880 4.4800 3.6689 
15 3.4615 4.9227 3.8911 2 2000 circular 

20 3.1051 5.1348 4.1023 
10 2.9003 3.1766 4.2060 
15 3.0428 3.1163 4.4892 

30206 

3 1000 square 

20 2.9493 3.2422 4.5132 
10 7.6461 4.6320 4.5417 
15 7.3319 4.8124 4.4783 1 2000 square 

20 7.3841 4.6041 5.2232 
10 6.3073 3.9266 4.0451 
15 6.9017 4.4387 4.2305 2 1000 line 

20 7.1030 4.2641 4.7295 
10 6.1085 3.0565 4.8800 
15 5.9853 3.5798 4.9105 

30207 

3 1500 circular 

20 6.3131 3.6229 5.5335 
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Table 5. Kurtosis value of a healthy bearing condition 

Bearing 
number Load, kg Speed, rpm Kurtosis 

1 1000 2.1973 
2 1500 2.3294 30205 

3 2000 2.8951 
1 1500 2.4908 
2 2000 2.7908 30206 

3 1000 2.2998 
1 2000 2.8830 
2 1000 2.4520 30207 

3 1500 2.6654 
 
unbalance and defect shape), each at three levels, 
thereby considerably reducing the experimental 
work while maintaining statistical validity. This 
resulted in a dataset of 81 samples, along with 9 
samples from healthy conditions. The kurtosis 
values were then extracted for these test cases 
and used as input features for the machine-
learning models (Tables 4 and 5). 
 
2.2 Data acquisition 

Time-domain analysis is recognised as the 
superior and elementary method for examining 
vibration signals. Numerous time-domain features, 
such as kurtosis, crest factor, root mean square 
and peak-to-peak value, could be leveraged for 
health monitoring and defect detection [16]. 
Kurtosis is a time-domain statistical feature that 
measures the sharpness or peakedness of a 
vibration signal. It helps in identifying impulsive 
faults in rotating machinery [34]. In this study, the 
kurtosis value K is calculated from the acquired 
vibration data using MATLAB. This behaviour can 
be determined using Equation (1). 

 
 

4
=1

4

–( )
K =

N
ii
y y

Nσ
 , (1) 

where K is kurtosis, yi is instantaneous magnitude, 
ȳ is mean of vibration signals, N is sample length 
and σ is standard deviation [35]. 

Empirical research has established the high 
diagnostic utility of kurtosis, as it displays a marked 
increase in the presence of bearing defects 
compared to healthy bearing conditions. Various 
regression approaches were employed to predict 
the bearing's vibration kurtosis. The input variables 
are presented in Table 3, and the output variable is 

presented in Table 6. The vibration kurtosis was 
selected as the target variable, with the defect 
geometry serving as one of the input factors for 
the analysis. Furthermore, four standard key 
performance indicators were used to measure the 
model's effectiveness, i.e. mean squared error 
(MSE), mean absolute error (MAE), mean absolute 
percentage error (MAPE) and the coefficient of 
determination (R2). These performance indicators 
are defined by the following equations. 
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where Pi indicates the predicted value, Ti is the 
actual observed value, Tȑ denotes the mean of the 
actual values and m refers to the total number of 
data points. 

Table 6. Output variables in bearing test 

Parameter Min Max Mean SD 
Vibration 
kurtosis 2.1973 7.6461 3.91104 1.26237 

SD – standard deviation 
 

Equation (2) defines MSE, which calculates the 
average of squared differences between predicted 
and actual values, thereby emphasising larger 
errors. Equation (3) presents MAE, which averages 
the absolute deviations without considering 
direction. MAPE, shown in Equation (4), evaluates 
the mean percentage difference between predicted 
and actual values, offering a relative error scale. 
Equation (5) describes R2, which measures how well 
the predicted values account for the variation in the 
actual data. Values of R2 closer to 1 suggest better 
model performance. These evaluation metrics are 
widely adopted for assessing model prediction 
accuracy across regression-based applications [36]. 
 
3. ANN modelling 

Various supervised machine learning 
techniques are based on statistical learning theory. 
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They have proven to be valuable in categorisation 
and regression tasks, particularly in scenarios with 
limited sample sizes, like those encountered in 
fault diagnosis applications [23]. The SVM is a type 
of intelligent computing method similar to ANN 
that can perform similar tasks. However, SVM 
employs a distinct approach. Instead of a complex 
neural network structure, the SVM points a 
hyperplane across the two types of data, 
effectively dividing the data associated with 
respective types. The ANN attempts to reduce the 
error in the training dataset, a process known as 
empirical risk minimisation. In contrast, the SVM 
approach is based on risk regularisation and 
focuses on minimising the upper bound of the 
transferability error [18]. 

Decision tree is a widely used machine-learning 
technique. It offers excellent transparency, 
flexibility and the ability to select relevant 
features. Unlike many other complex machine-
learning models that can be difficult to 
understand, decision tree generates a user-
friendly, tree-like structure that is easy for people 
to interpret. The ability to interpret the model's 
decision-making process is particularly valuable in 
industries such as healthcare, law and investment, 
where transparency is important. 

Another supervised machine learning algorithm 
is the random forest, which builds upon the 
decision tree approach with enhancements. 
Random forest is a powerful algorithm that helps 
overcome the problem of overfitting, which can 
occur with decision tree models. Overfitting occurs 
when a model performs with high accuracy on 
training data but performs poorly on unseen data. 
The random forest approach addresses this by 
maintaining low bias and low variance, making it a 
robust and reliable choice for predictive tasks [37]. 

The AdaBoost algorithm is a widely used 
machine learning technique. It works by addressing 
the errors made by weak classifiers, and it is 
generally less prone to overfitting compared to 
many other learning algorithms. The recognition 
performance of AdaBoost-based classifiers is 
typically promising [38]. Boosting is a machine 
learning approach that can be applied to both 
regression and categorisation tasks. It works by 
building a series of simple models, with each new 
model aiming to address the limitations of the 
previous ones. When these individual models are 
built based on the gradient of the loss function, 
this technique is referred to as a gradient boosting 
algorithm. 

The XGBoost algorithm, a powerful machine 
learning system for tree boosting, was employed. 
There are three key reasons why XGBoost 
outperforms the other three boosting methods: 
First, it uses a regularised loss function, which helps 
prevent overfitting. Second, it can scale down the 
weights of individual trees, reducing the impact of 
any single tree on the ultimate prediction. Third, it 
utilises column sampling, a technique similar to the 
random forest approach, which further enhances 
the model's performance [39]. 

CatBoost is an enhanced gradient-boosted 
decision tree framework comparable to XGBoost. 
This algorithm effectively addresses the issues of 
gradient bias and prediction shift by automatically 
treating discrete features as numerical 
characteristics. It leverages a combination of 
features that exploit the relationships among 
them, significantly expanding the feature 
dimensions. In addition, CatBoost employs a 
symmetrical tree model design to mitigate 
overfitting and improve the accuracy and 
generalisability of the algorithm [40]. 

The ANN model was implemented using the 
Keras Sequential API in TensorFlow. Other models, 
such as SVR, decision tree, random forest, 
AdaBoost and gradient boosting, were developed 
using Scikit-learn, while XGBoost and CatBoost 
were implemented using their respective libraries.  

The ANN model encompasses a multistage 
process, including gathering the data, 
preprocessing it, partitioning the data into training 
and testing sets and ultimately applying the ANN 
training and testing algorithms to analyse the 
proposed model [41]. Figure 3 illustrates the 
flowchart of the ANN regression analysis process. 
The neurons in the network accept multiple inputs 
and produce a single output. To represent the 
mathematical operations occurring within these 
neurons, the weighted sum of the inputs can be 
expressed using Equation (6). The ANN features 
interconnected neurons, resembling the intricate 
structure of the human nervous system. The 
neurons in the network accept multiple inputs and 
produce a single output [42]. To represent the 
mathematical operations occurring within these 
neurons n, the weighted sum of the inputs. 

  
=1

= ( + )
p

i ii
n W X b , (6) 

where p expresses the number of inputs, Wi 
denotes the input weights, Xi denotes the inputs 
and b denotes the bias value [43]. 
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Figure 3. ANN regression analysis process flowchart 

The weighted inputs and biased sum of the 
neuron values are passed through an activation 
function. This results in the neuron's output. When 
the nonlinear function is denoted as f (n), the 
equation can be expressed as: 

  
=1

( ) = ( ( + ))
p

i ii
f n f W X b . (7) 

The categorical data were converted into a 
numerical format using one-hot encoding. The 
encoder transformed the three categorical 
columns "defect geometry", "defect position" and 
"bearing number" into numerical one-hot encoded 
columns. Visualising the data using a box plot can 
help identify outliers and understand the 
distribution of the "vibration kurtosis" variable. 
The seaborn library was utilised to create a box 
plot to highlight any outliers present in this 
column. 

The analysis identified several outliers in the 
"vibration_kurtosis" column using the interquartile 
range method. These outliers may suggest unusual 
vibration patterns in the data. The outliers in the 
"vibration_kurtosis" column were addressed by 
capping them at the lower and upper bounds. In 
addition, the standard scalar was utilised to 
normalise the features in X by eliminating the 
mean and scaling to unit variance. Standardising 
the features by removing the mean and scaling to 
unit variance helps prevent the models from being 
overly influenced by features with large values. 
This normalisation confirms that all features have a 
mean of 0 and a standard deviation of 1, which 
improves the overall model capabilities. The data 
was partitioned into 80 % for training and 20 % for 
testing, as outlined by a test size variable set to 
0.2. This setup allows the model to learn from the 
training data and then be assessed on new, unseen 
data. Fixing the random state was set to 42 to 
ensure that the data split remains consistent 
across runs, promoting the reproducibility of the 
results. This data partition strategy helps assess 
the model's effectiveness on new, previously 
unknown data before deployment. 

The Keras sequential method is a way to build 
neural networks by stacking layers arranged 
vertically in a linear alignment. This model type is 
often used as a starting point for creating multi-
layer neural network architectures. The neural 
network method featured a total of five layers: 
three hidden layers with 64, 32 and 16 neurons, 
respectively, an output layer with a single neuron 
and an input layer defined by the input features. 
This fully connected architecture allowed the 
method to learn complicated patterns from the 
data efficiently. The initial layer takes 14 features, 
as indicated by the input shape (None, 14), where 
"None" represents a batch size. The first hidden 
layer is configured with 64 neurons and employs 
the ReLU activation function, which brings in 
nonlinear capabilities. The output shape (None, 64) 
signifies that each data sample is transformed into 
a 64 dimensional vector at this stage. The following 
hidden layer had 32 neurons, and the layer after 
that contained 16 neurons. This gradual decrease in 
the number of neurons allowed the model to 
effectively learn and capture important patterns 
from the data. The output layer has a single 
neuron, as the model was designed for a regression 
task aimed at predicting a continuous target 
variable. The Adam optimisation algorithm, an 
advanced technique, was employed to dynamically 
adjust the learning rates during training. Figure 4 
illustrates the design of an ANN that employs the 
Keras sequential model. It offers a visual 
representation of how data moves through the 
different layers of the network. The neural network 
had four fully linked layers, called dense layers. The 
number of neurons decreased in every subsequent 
layer (64 → 32 → 16 → 1), allowing the model to 
effectively study important patterns from the 
dataset. The output layer consisted of a single 
neuron that was used to predict the kurtosis value. 
 
4. Results 

The ANN model employed the Adam optimiser, 
an advanced technique that dynamically adjusted 
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Figure 4. Configuration of ANN model 

the learning rates for each parameter during the 
training procedure. This helped reduce the loss 
function by efficiently updating the model's 
weights. Adam is an advanced optimisation 
algorithm that modifies the learning rate for each 
variable based on the first-order (mean) and 
second-order (variance) statistics of past gradients. 
This improves the model's stability and makes it 
well-suited for deep learning tasks. The model 
used MSE as the error function, which quantified 
the mean of the squared deviation between the 
actual and predicted values, making it well-suited 
for regression tasks. In addition, the team 
monitored MAE as a performance measure to 
assess the model's predictive accuracy, measuring 
the average absolute deviation between the 
predicted and actual values. 

The model was trained on the training data, 
with each training round going through the entire 
dataset. This iterative training process was 
repeated 50 times. The model updated its weights 
after analysing small batches of 5 samples at a 
time. Furthermore, the team evaluated the model's 
effectiveness using a separate verification dataset, 
which provided insights into its ability to simplify 
new, unknown data. The training history, which 
recorded details such as loss, validation loss and 
other relevant metrics, was leveraged to monitor 
the model's learning progression and detect any 

signs of overfitting. Figure 5 illustrates the training 
loss and MAE across 50 epochs for an ANN 
regression model. The vertical axis displays the 
values of the error function and the MAE metric. 
At the start, the model's performance was poor, as 
evidenced by the high initial values. The horizontal 
axis shows the number of training epochs, with the 
model being trained over 50 epochs in total. The 
loss starts at a high value but then falls rapidly in 
the first 10 epochs. The graph shows the model's 
performance improving as training progresses. The 
loss and MAE metrics both decrease rapidly at first 
and then stabilise at low values, indicating that the 
model is learning effectively and making 
increasingly accurate predictions. This suggests the 
model trained well overall. 

 
Figure 5. Training loss and MAE plot vs. epochs 

The effectiveness of the trained ANN regression 
method was assessed on test data. The MAE 
measures the average absolute deviation between 
predicted and actual values. A lower value of MAE 
indicates that the model's predictions are more 
accurate. The obtained MAE of 0.1341 suggests 
that the model makes relatively low errors on 
average. The MSE estimates the standard deviation 
of prediction errors. A smaller MSE means the 
model's predictions are more accurate. The MSE of 
0.0410 is relatively small, implying the model's 
prediction errors are very low. The R2 value shows 
how effectively the method describes the variance 
in the data. R2 ranges from 0 to 1, with greater 
values reflecting stronger model performance. The 
R2 of 0.9701 shows that the model accounts for 
97.01 % of the variation in the test data, which is 
an excellent fit. Figure 6 compares the actual and 
the predicted values for vibration kurtosis in a 
regression model. The blue line depicts the actual 
measured values from the dataset and the orange 
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line shows the predicted values generated by the 
trained ANN. The x-axis displays the sample index, 
representing distinct test instances selected from 
the 20 % hold-out dataset used to test the ANN 
model, while the y-axis shows the kurtosis value. 
Because the predicted values are much closer to the 
actual values, the model is accurate and reliable. 
The MAE of 0.1341 and the R2 value of 0.9701 both 
indicate the model's strong predictive capability. 

 
Figure 6. Actual vs. predicted vibration kurtosis for 

different test conditions 

The trained ANN model was employed to 
forecast the vibration kurtosis for a given input, 
which represented the scaled sensor data from a 
bearing. The input was preprocessed in the same 
manner as the training data. After obtaining the 
predicted vibration kurtosis, the code categorised 
the bearing conditions into five groups, as shown 
in the following table. The ANN model classifies 
the bearing vibration [26], which is continuously 
measured by an accelerometer, into distinct fault 
types based on the predictions made by the smart 
models. The values and their associated magnitudes 
in the desired output matrix are given in Table 7. 
 
5. Evaluating and validating the machine 

learning models 

The effectiveness of the ANN model has been 
compared to other machine learning algorithms

(Table 8). The results indicate that the ANN model 
outperforms other methods, such as random forest, 
decision tree, SVM, AdaBoost, XGBoost, gradient 
boosting and CatBoost, in accurately predicting 
vibration kurtosis. This suggests that the ANN 
model is the most effective in correctly identifying 
faulty bearings based on the obtained data. In 
addition, several well-known machine learning 
algorithms are compared, as shown in Figure 7. 

Table 7. Categories of bearing defect conditions 

Category Condition 
Normal condition predicted kurtosis < 3 
Defect is initiated 3 ≤ predicted kurtosis < 4 
Defect is moderate 4 ≤ predicted kurtosis < 6 
Defect is significant 6 ≤ predicted kurtosis < 10 
Severe fault predicted kurtosis ≥ 10 

 
The evaluated methods include decision tree, 

SVM, random forest, AdaBoost, XGBoost, gradient 
boosting and CatBoost. Among these, a decision 
tree is a single learning algorithm [40], while 
random forest, AdaBoost, XGBoost, gradient 
boosting and CatBoost are combined learning 
techniques. However, SVM is a supervised learning 
algorithm that does not fit single or ensemble 
learning categories. The optimal model 
configuration was identified through a grid search 
and a 3-fold cross-validation process (Table 9). The 
effectiveness measures, including MAE, MSE and 
R2, were then calculated. To provide a clearer 
illustration, the predicted values are plotted 
against the experimental values in Figure 7. The y = 
x line in the plot represents the ideal situation in 
which the predicted and tested values are 
perfectly aligned. The graph shows a clear linear 
relationship between the predicted and tested 
values, with only a small amount of scatter or 
variation noticed. The majority of the data points 
align closely with the perfect fit line, indicating that 
the ANN model makes highly accurate predictions. 

Table 8. Performance measures for bearing kurtosis prediction 

Measure ANN Decision 
tree SVM Random 

forest AdaBoost XGBoost Gradient 
boosting CatBoost

training 0.9934 0.82132 0.99861 0.98544 0.92234 0.99995 1 0.99005 
R2 

testing 0.9701 0.73175 0.95941 0.89715 0.86260 0.94960 0.89827 0.94346 
training 0.0102 0.27920 0.00217 0.02275 0.12135 0.00008 0 0.01555 

MSE 
testing 0.0410 0.36700 0.05553 0.14071 0.18797 0.06893 0.13919 0.07736 
training 0.0697 0.39924 0.04501 0.10644 0.29891 0.00545 0.00101 0.09951 

MAE 
testing 0.1341 0.44139 0.18448 0.25617 0.32619 0.18914 0.24940 0.19090 
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Figure 7. Comparing the predicted values and the corresponding experimental measurements for the different 

machine learning models 
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Table 9. Model parameter settings used for the 
various algorithms 

Category Model Parameter Value

maximum depth of tree 3 
minimum samples for 

split 4 

minimum samples of 
leaf node 3 

decision 
tree 

cross-validation 3 

C 1000

Single 

SVM 
kernel RBF 

number of estimators 250 

maximum depth of tree 30 
minimum samples for 

split 2 

minimum samples of 
leaf node 1 

random 
forest 

cross-validation 3-fold

number of estimators 450 

learning rate 0.45 
maximum depth of the 

tree 3 

minimum samples for 
split 2 

minimum samples of 
leaf node 1 

AdaBoost 

cross-validation 3-fold

number of estimators 450 

learning rate 0.12 
maximum depth of the 

tree 11 

minimum samples for 
split 1 

XGBoost 

cross-validation 3-fold

number of estimators 30 

learning rate 0.2 
maximum depth of the 

tree 5 

minimum samples for 
split 5 

gradient 
boosting 

cross-validation 3 

number of iterations 200 

learning rate 0.1 
maximum depth of the 

tree 3 

Ensemble 

CatBoost 

cross-validation 3 

The quantitative measures presented in Table 8 
demonstrate the model's strong performance. For 
the training set, the model achieved impressive 
scores, with an R2 value of 0.9934, an MSE value of 
0.0102 and an MAE value of 0.0697. Similarly, the 
testing set results were also excellent, with an R2 
value of 0.9701, an MSE of 0.0410 and an MAE 
value of 0.1341. These metrics demonstrate that 
the model possesses both strong learning 
capabilities and dependable predictive 
performance. The results indicate that the ANN 
model, a single learning algorithm, demonstrates 
superior performance compared to ensemble 
learning techniques in predicting the vibration 
kurtosis of bearings. As shown in Figure 7 and 
Table 8, the ANN model achieved the highest R2 
value of 0.9701, the lowest MSE of 0.0410 and the 
lowest MAE of 0.1341 for the testing set, 
outperforming other machine learning algorithms 
such as random forest, decision tree, SVM, 
AdaBoost, XGBoost, gradient boosting and 
CatBoost. The ANN achieves the best balance 
between training and testing performance with 
high R2 (0.9701), low MSE (0.0410) and low MAE 
(0.1341). To validate the observed performance 
difference, a 10-fold cross-validation followed by 
statistical testing was conducted, where both the 
paired t-test (p = 0.0133) and the Wilcoxon signed-
rank test (p = 0.0059) indicated that the ANN 
model significantly outperforms XGBoost in terms 
of R2 accuracy. The gradient boosting algorithm 
performs perfectly on the training data (R2 = 1, 
MSE = 0), but the testing metrics were weaker. The 
decision tree has the lowest R2, the highest MSE 
and the highest MAE on the testing data. 
 
6. Discussion 

The effectiveness of different machine learning 
methods, such as ANN, random forest, decision 
tree, SVM, AdaBoost, gradient boosting, XGBoost 
and CatBoost, was evaluated using the key metrics 
of R2, MSE and MAE for both the training and 
testing datasets. The ANN model demonstrated 
outstanding performance, achieving an R2 of 
0.9934 in training and 0.9701 in testing, indicating 
a strong predictive capability that is consistent 
with findings reported in previous research, as 
illustrated in Figure 7. While gradient boosting 
achieved a perfect R2 of 1 in training, its low 
testing accuracy of 0.89827 suggests the potential 
for overfitting. Overfitting can be improved by 
considering regularisation techniques, such as 



H. Aher and N. Ghuge | Tribology and Materials 4 (2025) 100-115 

 112

limiting tree depth, lowering the learning rate, 
dropout or using early stopping. In addition, SVM, 
XGBoost, and CatBoost exhibited good 
performance, although their testing errors were 
slightly higher than those of the ANN model. In 
contrast, the decision tree model displayed the 
weakest performance, with R2 values of 0.82132 in 
training and 0.73175 in testing, indicating limited 
predictive ability. The ANN model demonstrated 
good performance on the training and testing 
datasets, indicating minimal signs of overfitting. In 
contrast, while XGBoost and gradient boosting 
achieved near-perfect scores on the training data, 
their testing performance exhibited a more 
noticeable decline, suggesting the potential for 
overfitting. Meanwhile, random forest and 
AdaBoost showed moderate performance. 
However, their higher MSE and MAE on the 
testing set suggest opportunities for further 
improvement. 

The findings from the ANN model in this study, 
highlighted by an R2 value of 0.9701 and an MAE of 
0.1341 on the test dataset, indicate a high level of 
predictive accuracy. These results align well with 
previous research, where advanced machine 
learning methods have achieved accuracies as high 
as 99 % or even 100 % in bearing fault detection 
[14,15]. While earlier studies mainly concentrated 
on classification tasks, this work demonstrates that 
comparable performance can be attained in 
regression-based condition monitoring, specifically 
when estimating kurtosis values. Other research 
incorporating empirical mode decomposition with 
ANN has also successfully identified bearing faults, 
although it did not report regression metrics such 
as R2 or MAE [16]. Moreover, although the model 
ensemble algorithms such as XGBoost and 
CatBoost, which are less commonly evaluated in 
earlier studies that primarily used traditional 
methods, have shown promising results in previous 
research. Their results here were slightly inferior to 
that of the ANN model [41,44]. This suggests the 
superior generalisation ability of the ANN in this 
application. Overall, these findings corroborate 
and extend existing knowledge by confirming that 
ANN offers precise and dependable fault diagnosis 
for TRBs under varying operational conditions. The 
vertical bar plot (Figure 8) reveals a comparison of 
the performance of various machine learning 
models based on the R2 score, which indicates the 
percentage of variance explained by each model. 
ANN and XGBoost show the highest explanatory 
power among the evaluated models. 

 
Figure 8. Comparison of performance of machine 

learning models 
 
7. Conclusion 

The ANN model demonstrated strong predictive 
capability, as evidenced by the close agreement 
between its predictions and actual values. The 
concentration of data points near the ideal fit line 
indicates both high accuracy and effective 
generalisation. Minor variations in the test data 
suggest that further improvements can be made 
by applying techniques like regularisation or 
expanding the training dataset. 

This study evaluated eight prominent machine 
learning algorithms: ANN, decision tree, SVM, 
random forest, AdaBoost, XGBoost, gradient 
boosting and CatBoost. While tree-based models 
offer interpretability, XGBoost is particularly noted 
for its robustness and regularisation features. 
Ensemble methods such as AdaBoost and CatBoost 
enhance predictive performance by combining 
multiple models. Among all these approaches, the 
ANN consistently delivered superior accuracy and 
generalisation in forecasting vibration kurtosis. 

Future research should emphasise strategies to 
minimise overfitting, including dropout, early 
stopping and cross-validation, while further 
optimising the ANN and increasing the diversity of 
training data. Exploring more advanced network 
architectures, such as deep neural networks, 
convolutional neural networks or transformer-
based models, may provide additional 
performance gains. Furthermore, incorporating a 
broader range of features beyond kurtosis and 
applying rigorous statistical validation can improve 
the robustness of diagnostic models. 
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