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Abstract: This article presents a study on condition mon-
itoring and predictive maintenance, highlighting the impor-
tance of tracking ball bearing condition to estimate their
Remaining Useful Life (RUL). The study proposes a metho-
dology that combines three algorithms, namely Variational
Mode Decomposition (VMD), Decision Tree (DT), and Extreme
Learning Machine (ELM), to extract pertinent features and
estimate RUL using vibration signals. To improve the accuracy
of the method, the VMD algorithm is used to reduce noise
from the original vibration signals. The DT algorithm is then
employed to extract relevant features, which are fed into the
ELM algorithm to estimate the RUL of the ball bearings.
The effectiveness of the proposed approach is evaluated
using ball bearing data sets from the PRONOSTIA plat-
form. Overall, the results demonstrate that the suggested
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methodology successfully tracks the ball bearing condi-
tion and estimates RUL using vibration signals. This study
provides valuable insights into the development of predic-
tive maintenance systems that can assist decision-makers
in planning maintenance activities. Further research could
explore the potential of this methodology in other indus-
trial applications and under different operating conditions.
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1 Introduction

Rotating machines consist of vital components known as
bearings, and their degradation can significantly impact
dependability, availability, security, maintenance, ecology,
and economy. Such effects directly influence the produc-
tivity and quality of the machine’s performance. Given the
critical nature of bearings, reliable information about their
state is essential. Vibration condition monitoring is a widely
used method to evaluate the condition of bearings, and
detecting flaws and predicting the Remaining Usable Life
(RUL) of bearings are of particular interest to manufacturers
and researchers. The process of vibration condition moni-
toring involves three primary stages, namely data acquisi-
tion, data processing, and maintenance decision-making,
each of which is critical for ensuring the effectiveness of
the approach. As such, efforts are continually being made
to improve each stage of the process to enhance the overall
reliability and accuracy of vibration condition monitoring
for bearings [1-3].

Machine learning techniques can be used to extract
useful information that aids decision-making from the vast
amount of measured and stored data. Large volumes of
data can be mined for knowledge using machine learning.
In complicated systems where degradation processes are
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challenging to connect using a physics or statistical model,
machine learning can handle prediction issues. In the lit-
erature, numerous strategies and methods for anomalies pre-
diction have been put forth and assessed. SVM (Support
Vector Machines) [4-7], Extreme Learning Machines (ELM)
[8-10], and neural networks [11-16] are among them. A
hybrid strategy uses different algorithms to enhance the per-
formance of RUL prediction. For more details, Table 1 high-
lights the most significant studies that examined the state of
machine learning applications in various algorithms at the
time and showed potential future applications.

Numerous earlier studies focused on predicting RUL
using just one feature. On the other hand, the DT is an
effective tool for extracting important features. For this
reason, it is suggested to use all the features extracted
from the DT to estimate the RUL. The goal of this study is to
develop a novel data-driven methodology for monitoring
and predicting ball-bearing RUL. In order to cut down on
noise, the vibration signals are first denoised using the
Variational Mode Decomposition (VMD). Second, employ
the DT algorithm to extract useful knowledge from two inde-
pendent data sets made up of original signals and denoised
signals. The RUL is modeled by regression using the ELM,
which is the third step. Finally, performance criteria is used
to assess the effectiveness of the given methodology. This
article’s main contributions are as follows: (i) the suggested
methodology offers a tool for monitoring the condition of
ball bearings, (ii) the relevant features can be extracted
using the DT technique, and (iii) combining the DT and
ELM techniques enables estimation of the RUL based on
various DT criteria. The rest of this essay is structured as
follows: Three techniques (VMD, DT, and ELM) are briefly
reviewed in the second section. The results, including com-
parisons, are covered in the third section. The most signifi-
cant points made are highlighted in the final section.

2 Methodology

The suggested methodology’s flowchart to monitor the ball
bearings’ health and predict the RUL is shown in Figure 1.

During operation, bearings produce vibrations that
can be monitored using indicators like RMS and peak
value. By plotting these indicators over time, it is possible
to observe the trend of the bearing’s degradation (Figure 2).
Accurately estimating the current and future health of a
bearing is crucial to extend its operation. By predicting
the RUL of the bearing, which refers to the time until the
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machine ceases operating, appropriate maintenance deci-
sions can be made.

Before using the proposed methodology, some con-
cepts must be clarified. Figure 2 depicts the evolution of a
degradation indicator over RT (Run-Time). The alert point
is denoted by AP, which is the intersection of the dete-
rioration index curve and the alert threshold line; the
current point is denoted by P. The danger point, indi-
cated by DP, is the intersection of the deterioration indi-
cator curve and the danger threshold line. Finally, ¢t
stands for the current time, t; for the failure time, and
RUL for the RUL.

2.1 VMD algorithm

In ball bearings, for example, vibrations and noise, in the
form of periodic impulses created when the balls pass
over a flaw in the rings, are examples of complex and
non-tationary vibration signals, and impulsive signatures
are typically concealed by stochastic noise. Signal pro-
cessing techniques are employed to improve follow-up on
the degradation in order to lessen the impact of this
noise. One of the newest methods for signal decomposi-
tion used to lower noise is VMD, which is similar to
Empirical Modes Decomposition (EMD). As a brand-new tech-
nique for self-adapting signal decomposition, Dragomiretskiy
and Zosso introduced VMD in 2014. The original signal can be
divided using the VMD approach into a limited number of
signals known as IMFs (Intrinsic Mode Functions) [31], which
are defined as follows:

k
X = Y uilt) + res(t). (1)

i=1
Here, x,, represents the original signal, {u} = {uy, W, ...,Un}
represent the decomposition signals, and res is the resi-
dual signal following optimization. The decomposition
procedure involves resolving the following optimization

problem:
2
2}’ @)

Here, {uy} represents the IMFs set, {wy} represents the
center frequencies of each {uy}, 6(t) represents an impulse
function, and k is a modal component. By including both a
quadratic penalty term («) and Lagrangian multipliers (7),

min

L‘ —jwyt
{uk},{wk}{Zk at[(sa) + ﬂt)uk(t)]e]

subject to zk“k = Xp.
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Table 1: Review the current status and future opportunities for machine learning applications with various algorithms

Authors

Highlights

Peng et al. [17]

Xu and Saleh [18]

Bertolini et al. [19]

Soni and Kumar [20]

Avci et al. [21]

Li et al. [22]

Ntemi et al. [23]

van Dinter et al. [24]

Zhao et al. [25]

To offer insights into the development of Decision Tree (DT) technology for rolling bearings, a
comprehensive literature review was conducted, focusing on the fundamental aspects of DT construction,
including detection, modeling, and Prognostics Health Management. The review provided a historical
perspective of DT technology and identified the key challenges associated with establishing a robust DT
technique for rolling bearings. Various proposals for future research directions were also evaluated to
address the identified challenges and improve the performance of DT-based condition monitoring for rolling
bearings. Overall, this study provides a valuable overview of the evolution and potential of DT technology in
the context of rolling bearing condition monitoring, paving the way for further developments in the field
Several associated models and algorithms are noted along with an overview of various machine learning
classes, subclasses, or tasks. Review machine learning’s use in applications for dependability and safety
next. Each category and subcategory’s publications were examined in depth, and a brief overview of deep
learning’s (DL) application is included to illustrate the technology’s rising popularity and unique benefits.
Finally, a number of intriguing opportunities to apply machine learning to improved reliability and safety
issues have been found

They examined the potential benefits and potential drawbacks of machine learning algorithms used in
process management

This comprehensive review study provides a well-structured summary of the extensive research on the
integration of machine learning methods within the rapidly evolving cloud computing paradigm. The study
offers a comprehensive assessment of the literature, focusing on the latest cloud computing paradigms,
including cloud, edge, fog, mist, Internet of Things, SDN (Software-Defined Networking), cybertwin, and
industrial 4.0 (lloT). In addition, the study explores how these paradigms can be effectively combined with
machine learning techniques to enhance their performance and capabilities. By consolidating a large
volume of research, this study offers valuable insights into the latest developments and potential
applications of machine learning within the cloud computing paradigm, making it a valuable resource for
researchers and practitioners in the field

Vibration-based Structural Damage Detection (SDD) techniques have traditionally relied on conventional
approaches, with limited consideration of the potential benefits of machine learning and DL methods. This
study aims to bridge this gap by providing an in-depth analysis of the latest machine learning and DL
algorithms for vibration-based SDD, alongside a review of the key aspects of conventional approaches.
Specifically, the study offers a comprehensive examination of the potential applications of machine learning
and DL algorithms for structural damage diagnosis in civil constructions, highlighting their unique
advantages and limitations. By exploring the latest developments and trends in this field, this study sheds
new light on the potential of machine learning and DL for vibration-based SDD, paving the way for further
research and innovation in this critical area

In this paper, the authors present a systematic review of research advancements in monitoring tool
breakage during machining processes, which is a critical aspect of preventing unexpected tool failure and
potential production mishaps. The study offers a detailed overview of the methodology used for signal
acquisition, feature extraction, and decision-making in tool breakage monitoring, which is compared to
relevant methods for instrument wear monitoring. By exploring the latest developments in this field, this
study provides a valuable resource for researchers and practitioners seeking to enhance tool breakage
monitoring in machining processes. The authors’ methodical approach and critical analysis of the current
state of the art in this area makes this study a valuable contribution to the field, providing new insights and
identifying areas for further research and development

The authors of these studies have conducted a comprehensive evaluation of the latest advances in
infrastructure monitoring and rapid quality diagnostics for computer numerical controlled (CNC) machining
operations. With great attention to detail, they have analyzed the most current developments in these areas,
offering a valuable resource for researchers and practitioners seeking to enhance CNC machining
operations. By exploring the latest technologies and techniques, this research provides insights into how to
improve the accuracy, reliability, and efficiency of CNC machining operations, and lays the groundwork for
future innovations in this field. The authors’ careful and thorough analysis of the state of the art in
infrastructure monitoring and quick quality diagnostics makes this study an essential reference for anyone
working in CNC machining

42 primary papers were examined as part of a systematic evaluation of the literature on predictive
maintenance employing digital twins using active learning technology

The use of modern DL models for machine health monitoring tasks has been carefully reviewed.

(Continued)
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Authors

Highlights

Gangsar and Tiwari [26]

Hakim et al. [27]

Huang et al. [28]

Liu et al. [29]

Si et al. [30]

In this study, the authors conducted a comprehensive investigation into several problems associated with
induction motors. They employed traditional time and spectrum signal analysis techniques to examine the
two most valuable types of signals for motor diagnosis, namely vibration and current. Additionally, the study
provides an overview of the latest research and advancements in signal-based automation for condition
monitoring, which can aid in detecting and diagnosing electrical and mechanical defects in induction
motors. By exploring the most recent developments in this field, the authors offer valuable insights into how
to enhance the accuracy and efficiency of condition monitoring and fault diagnosis for induction motors.
This research represents a significant contribution to the field, offering a detailed analysis of signal analysis
and condition monitoring of induction motors and providing a roadmap for future research and
development.

The aim of this review study was to offer a thorough and all-encompassing summary of the use of DL in
bearing error diagnosis. To achieve this, the authors examined various DL techniques that are commonly
used for bearing fault detection, including convolutional neural networks, recurrent neural networks,
autoencoders, and generative adversarial networks. By exploring the most frequently employed DL
methods, the authors provide valuable insights into how to effectively diagnose bearing faults and improve
the overall reliability and performance of rotating machinery. This review study provides a solid foundation
for future research in this area, offering a comprehensive analysis of DL-based bearing diagnosis that can
guide the development of more effective techniques and tools for fault detection and diagnosis

The references analyzed were divided into two groups: enhanced SVM techniques and their use in RUL
estimation

The authors aimed to summarize the methods for predicting the RUL of affordances, which can be broadly
classified into three categories: physical model-based methods, statistical methods, and data-driven
methods based on condition monitoring. By comparing the advantages and disadvantages of each of these
methods, the authors also provide some guidance for selecting an appropriate prediction method for
practical applications

The authors reviewed current RUL estimation modeling advancements. The review’s main focus is on
statistical data-driven methodologies that only use readily accessible historical observed data and
statistical models. The methods are divided into two main categories of models: those that rely on
knowledge about the asset’s state that has been directly seen and those that do not

the augmented Lagrangian function (A) is addressed in

[ ® wli(w)Pdw

order to minimize Eq. (2): wlt = OOOA—. (5)
[} 1(@)Pdw
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The solution is achieved by optimizing each IMF’s center

frequency and bandwidth. The frequency i, updating proce-
dures can be stated as follows:

in(w)zi(kﬁlzlﬂ(w) - Ziﬂ(ﬁk (w) + AA(CU)/Z
1+ 2a(w - w})? '

%)

i (w) —

Here, i/"*'(w), Xo(w), and A(w) denote the Fourier
transformations, respectively, for @, x,(t), and A(t).
s updating equations:

n+h

These are wy,

2.2 DT algorithm

To categorize data, DT are frequently utilized. The goal of
classification is to categorize samples using a model cre-
ated from a different data source. The latter consists of a
collection of decision-making classes and predictive fea-
tures. It is necessary to define the classes and character-
istics that make up the data collection before building the
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Data collection

Signal processing, VMD
v

Features extraction: RMS, Peak, CF,
Kurtosis, RA ...

v

Classification by J48, and
features selection
by decision tree

v

Extreme leaming machine
Regresssion

v

Estimation of RUL

Figure 1: Flowchart of the proposed methodology.

DT. Leaf, node, and branch components make up a DT.
An attribute, also known as a classified object property, is
represented by each tree node. Each leaf of the tree repre-
sents a class, and each branch represents a potential
node attribute value [32].

The foundation of this tree’s creation is the extraction
of information from data using classification techniques.
We cite the following algorithms for the construction tree:
CART [33], ID3 [34], and C4.5 [35].

In this study, DTs are built using the C4.5 algorithm.
WEKA uses this algorithm to create the J48 classifier. An
overview of the C4.5 DT is provided in this section. The
supervised learning algorithm C4.5 chooses attributes
based on the following criteria [32]:

Indicator of degradation

l«— Normal_) (_Abnormal_)l

v

Time t tif

Figure 2: Degradation indicator over time.
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If X={X,X%, , X} is a set of attributes, C =
{C, G, .,C} is a set of classes, the number of attri-
butes is given by n, while the number of classes |Cj| is
given by k. j = 1,2,..., k represents the sample number
that falls within the class C;. The collection of training
examples is denoted by T, while the number of examples
in total is |T.

Entropy, which is defined as the amount of data
required to determine the class of a T element, is as fol-

lows [32]:
161, g(m) -
=T 7|

Entropy is minimum when the node is pure. All sam-
ples are in the same class, and maximum when the exam-
ples are evenly distributed. The quantity of data needed
to determine a T element’s class after obtaining its attri-
bute value X; is known as conditional entropy and is
defined as:

n (1T x 161, (16
Info(X;, T) = —Zm( ||T: Z/ 1 |T| ( | T )) ®

Information gain is a metric used to measure the
quality of a split. The most significant attribute can be
chosen using this criterion. In comparison to the other
traits, the chosen attribute has the most advantage. It is
given as follows:

Gain(X;, T) = Info(T) - Info(X;, T). 9)

Info(T) = —Z

The gain ratio is a standard for correcting the gain of
entropy’s slant while accounting for the quantity of attri-
bute values and the proportion of these values in the
data. The details are as follows:

Gain(XT)
GR(X;, T) = — 2am&il)
& 1) = S plitinfo(X,, T) (10)
with:
Splitinfo(X;, T) = _zl 1||;|| 0g; (:;:) (11)

The selected predictive attribute maximizes the gain ratio.

2.3 ELM algorithm

ELMs are frequently utilized in machine learning due to
their fast-learning capabilities and simplicity. ELM is a
single hidden layer feedforward neural network that is
trained differently than conventional network training
methods [36—38]. In this section, ELM is briefly described.
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Given N different training samples (x;, t,); i = 1,2, ...,N,
an ELM’s output is expressed as:

N &
Y = Y B fix) = Y Bifiax + by), (12)

i=1 i=1
where j = 1,2, ...,N, N and fi; stand for the number of
hidden neurons and the function of neuron activation,
respectively. The ith hidden neuron is connected to a
vector called g; that contains input layer weights.

The jth input sample’s vector is represented by x;, a
bias is represented by b;, the ith hidden neuron’s output
layer weight is represented by f;, and the training sample
number is represented by N. Eq. (12) can be written as
follows:

HB =Y, (13)
Where
filawxa + by) fr(agx + bg)
H= . o . ;
filaxy + b1) ... frlagxy + by) [y, 5
(14)
B! W
B=|: ;Y=
ﬁ§ Nxm ng INxm

Cylinder Pressure
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where H represents the hidden layer’s output matrix, and
B stands for the output weights that can be calculated
analytically by obtaining the following least square
solution:

B =H'Y. (15)

2.4 Data collection and features extraction

The PRONOSTIA platform [39] was utilized to gather the
data for this investigation, as shown in Figure 3. This
platform’s goal is to deliver accurate experimental data
that can be utilized to track and describe how ball bear-
ings degrade over the course of their full operational life.
Several run-to-failure experiments were conducted by
applying radial loads on ball bearings that exceeded
the permitted loads to accelerate their degradation.

In this study, we focus on the vibration signals that were
measured during the operating conditions at 1,800 rpm rota-
tion and 4,000 N radial load generated by a hydraulic
jack. NSK 6804DD bearings were tested, which possess the
ability to function at a maximum velocity of 13,000 rpm.

To collect monitoring data, high-frequency acceler-
ometers, specifically DYTRAN3035B, were attached to the
housing of the bearing being tested. One accelerometer is

Bearing tested ‘

Force sensor

Accelerometers

NI cDAQ cards ". |
N

: |_specd sensor [ Specd reducer |

z > B
A TN S
S
o 5348

Figure 3: PRONOSTIA Platform.

(_-' - N
L | Coupling | PlatiumRTD |,

Torquemeter
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horizontally placed, while the other is vertically placed,
allowing them to measure both horizontal and vertical
accelerations. These accelerometers are connected to a
data acquisition card, the NI DAQCard-9174, which pro-
vides monitoring data to the user. The acceleration mea-
surement unit is g, where 1g = 9.81 m/s2. Vibration sig-
nals were acquired using two accelerometers and the
following parameters: Sampling frequency is 25.6 kHz,
Recordings: 2,560 samples (i.e., 1/10 s) are recorded
every 10 seconds.

During operation, rotating machines produce vibra-
tions. The high level of these vibrations is due to the
deterioration of the condition of its components. For
this, statistical indicators, called features, are used to
track the health status of these components.

From each vibration signal, 15 statistical features are
taken out in order to monitor the condition of the ball
bearings. These features can be divided into two subsets.
The first subset has proven its effectiveness, such as RMS
(Root Mean Square), Peak, Kurtosis, CF (Crest factor), and
KF (K factor) [32], while the second subset can be used as a
supplement to the first subsets: Rang, mean, STD (Stan-
dard Deviation), VAR (Variance), ADEV (Average Devia-
tion), Skewness, Margin, RA (Root Amplitude), IF (Impulse
factor), and shape. Table 2 gives the mathematical

Table 2: Features described mathematically

Features Description
Range Range = max(x;) — min(x;)
M N
ean Mean = 2=
Peak Peak = max|x;]|

Root amplitude (RA) N )2
RA = (Z,ziNv w)

Root mean square (RMS) RMS — o
N
Average deviation (ADEV) ¥, 1xi - Mean|
ADEV = == ——
Variation (VAR) _ 3V - Mean)?
VAR = ’#

Standard deviation (STD)

STD = \/ Z?iﬁx;—_ Team?

Skewness ¥ 1 (xi - Mean)3

Skewness = 3
(N-1).STD
Kurtosis . YN - Mean)
Kurtosis = W
Crest factor (CF) CF = Peak
RMS
K Factor (KF) KF = Peak-RMS
Margin i — Peak
g Margin = ==
Shape _ _RMs
P Shape = Margin
Impulse factor (IF) |F = _Peak
Margin
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description of these features [40,41], and Figure 4 depicts
their progression over time.

3 Results and discussion

In the fault detection process, an anomaly can be detected
if a feature exceeds a predetermined threshold. Standards
(like ISO10816) or personal experience can be used to set
thresholds. However, experience has shown that setting
two thresholds for warning and alert is the best approach.

In this work, the warning and alert thresholds are
determined as follows: the warning threshold is 2x rmsO0,
and the alert threshold is 10x rmsO where rmsO is the
average of the RMS values of the vibration signals mea-
sured at the start of the operation.

Under this approach, thresholds are placed in the RMS
evolution curve (Figure 5) to categorize the remaining RMS
values into the following states: normal, abnormal, and
danger. This figure depicts three key points: A, B, and C.
Point A signifies the normal operational condition when no
defects are detected. Point B, on the other hand, denotes the
alarm point, which is where the warning threshold line
intersects with the degradation indicator curve. Lastly,
Point C is the danger point, where the alert threshold line
intersects with the degradation indicator curve.

3.1 Denoised signals by the VMD approach

To identify features relevant that help in decision-making
when the condition monitoring of ball bearings, two inde-
pendent data sets are formed from original signals and
denoised signals, and then, the features are extracted
from these signals. The denoised signals are obtained by
applying the VMD approach to the original signals as
described earlier. VMD approach decomposes the original
signal into a finite number of signals so-called IMFs. The
sum of IMFs is the denoised signal. To validate the simila-
rities between denoised signal and original signal, bias has
been used. The bias is the difference average [42] and is
defined as follows:
1 ¥
Bias = _Z(.VIMFS = Yoi)s (16)
NZT
where y; i Tepresents the denoised signal, and y,, repre-
sents the original signal. To determine the number of
criteria, we perform the following steps:
First, the maximum number of IMFs for a signal is set
at 20 for VMD decomposition. Then, the Bias criterion is
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4: Features over time.

Data

Smoothed data

O Point A: Normal state

O  Point B: Warning threshold
O  Point C: Alert threshold

Time (hour)

Figure 5: RMS over time for original signal.

used to verify the similarities between the sum of IMFs
and the original signal. Then, the curve of bias over the
mode number is plotted. Finally, the steady-state values
of the bias criterion are selected as the number of IMFs. In
this work, the estimated number of IMFs is 5.

Figure 6 shows three frequency spectrums and the
corresponding vibration signals (original and denoised)
recorded by a radial accelerometer for three points
(Figure 5): A normal, B abnormal, and C danger. Peaks
in the spectrum indicate an increase in vibration above
normal, as well as a deterioration in the condition of the
ball bearings.

The features of the original and denoised signals for
three different states (normal, abnormal, and danger)
over time are depicted in Figure 7. The figure illustrates
that the feature values of the two signals are quite similar
to one another.
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Figure 6: Time signals and their spectrums for three states (normal, abnormal, and danger), 1g = 9.81 m/s2.

Figure 8 shows that the RMS feature values of both
signals, namely the actual and the one processed with
VMD to remove noise, are close to each other. Statistical
criteria are used to evaluate the predictive values: the
root mean square error (RMSE), the bias, and the deter-
mination coefficient (R?). These criteria are expressed as
follows:

N
RMSE = |~ 0t — Yoo an
NS
N —_ v )2
R2-1-— 2i-10oi — Ye) (18)

21{1()/01 - )7Pi)2

where y;; is the predicted value, and y,, is the actual value.

3.2 Construction of DT

To build a DT, the following steps are taken as shown in

Figure 9:

e collection and processing of vibration signals,

o define a list of features and decisions, then build the
data set using the Weka software, and

¢ the data set is subjected to the J48 classification algo-
rithm in order to create a DT and get knowledge from it.

In this study, two data set were constructed. The first
data set is based on original vibration signals, and the
second is based on denoised vibration signals. Using the
J48 classifier algorithm on the data set allowed us to build
the DTs shown in Figures 10 and 11, which correspond
to noised and denoised signals, respectively. Figure 10,
which corresponds to the original vibration signals, demon-
strates that the most significant features to evaluate
throughout the monitoring process are RMS and RA.

On the other hand, Figure 11, which corresponds to
the denoised vibration signals, shows that the most
important features to consider during the monitoring pro-
cess are RMS and RANGE (Table 2). Furthermore, the RMS
feature appears to be more reliable than the other fea-
tures for monitoring the fault.

The number of correctly classified samples can be
found in the diagonal elements of the confusion matrix
for the original and denoised signals, as shown in Tables
3 and 4. The elements on the outer diagonal, on the other
hand, represent the number of samples that were classi-
fied incorrectly using the DT method.
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Figure 7: Features over time for three states (A, Normal; B, Abnormal; C, Danger).

RMS Actual Predictive Features . Predicted Decisions
RMS predicted using VMD >| Decision Tree >
6l 9 | (Table 2) States: Normal,
R2 =0.9955 Abnormal, and Danger
5t rmse= 0.0379 |
Bias = 0.0064 Figure 9: Features and decisions.
B4
)]
S
X3t
Classification rates ranged from 96.11 to 96.86, with
ol kappa statistics ranging 0.92 — 0.93, as shown in Table 5.
It is essential to recognize that a rate of classification of 1
i denotes excellent modeling, and a kappa statistic of 0.7
b . . i or above denotes good statistics correlation.
0 . : " : : : : Although the results of the two trees are similar, we
0 1 2 3 4 5 6 7 8

notice a difference in the characteristics of each tree on
which they rely for decision-making. This difference is
Figure 8: RMS over time for original signals and denoised signals.  due to how the signals are processed.

Time (hour)
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Figure 10: DT from original vibration signals.
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Figure 11: DT from denoised vibration signals.

Table 3: Confusion matrix correspondent to original signals

Classified as — Normal Abnormal Danger
Normal 1,616 35 0
Abnormal 49 1,060 0
Danger 0 4 39

Table 4: Confusion matrix correspondent to denoised signals

Classified as — Normal Abnormal Danger
Normal 1,612 37 0
Abnormal 68 1,043 0
Danger 0 4 39

— 1

= 32.00650%'

—

Table 5: The DT’s performance

Original signals

Denoised signals

Classification rate
Kappa statistic
Mean absolute error

Root mean square error

Number of samples
Number of leaves
Size of the tree

96.86
0.93
0.04
0.14
2,803
4

8

96.11
0.92
0.05
0.16
2,803
3

5

Table 6: Performances of ELM

Original signals

Denoised signals

R Squared
Number of hidden
neurons (NHN)

Neural transfer function

Input

1.0
3,500

Triangular basis
RMS, RA

1.0
5,700

Triangular basis
RMS, RANGE




12 — Riadh Euldji et al.

35 T T
*  Predicted RUL
Actual RUL
3 E
Original signal
251 R2 =0.9904 |
’ rmse=0.0953
NHN= 2100
2 - B
-
=)
[\4
15 ]
1 - B
051 1
0 . . . . . .
5 55 6 6.5 7 7.5
Time (hour)

Figure 12: RUL Prediction based on original vibration signals.
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Figure 13: RUL Prediction based on denoised vibration signals.

3.3 RUL estimation by ELM

Several improved versions of the basic ELM have recently
been developed to solve regression and classification pro-
blems. Interested readers are referred to references [37,43],
which survey ELM and its variants.

The ELM technique is used in this part to build a
nonlinear relationship between features collected from
vibration signals and the RUL of ball bearings. Table 6
summarizes the details of the parameters and perfor-
mance of ELM. The RUL obtained by applying the ELM
algorithm on the two independent data sets formed from
original and denoised signals is shown in Figures 12 and 13.

DE GRUYTER
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The effect of the number of hidden neurons and the features
of the DTs in RUL modeling is clearly shown.

4 Conclusions

In this research article, a novel approach to condition
monitoring was presented, utilizing VMD, DT, and ELM
algorithms. The VMD algorithm was first used to reduce
noise in the original vibration signals, followed by the
application of the J48 algorithm to both signals, namely
the actual and the one processed with VMD. Finally, the
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ELM algorithm was used to estimate the RUL of the mon-
itored system. The results of this study demonstrate that
this methodology provides highly accurate RUL predic-
tion, allowing for the health monitoring of ball bearings
and RUL estimation based on multiple features rather
than relying solely on the RMS feature as done in many
previous studies. The proposed methodology therefore
has the potential to be highly beneficial in the decision-
making process for condition monitoring applications.
Overall, this research presents a promising new metho-
dology for accurate and efficient condition monitoring.
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