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PREFACE

All devices are subject to faults. In fact, a joint study found that unplanned downtime costs an
estimated 50 billion per year for industrial producers. The reason of 42 percent of this unplanned downtime
is equipment faults.

Monitoring the machine condition, predictive maintenance, and frequent machinery inspection helped
to detect problems at an early stage. In order to mitigate breakdowns and reduce sudden stops, predictive
analytics allow us to forecast future results using past data.

All of this may sound a little overwhelming because analytics is not a key feature in a production
setup, but there is support from businesses that provide Internet of Things technology solutions and Happiest
Minds that provide its engineering services. With this study, we will help manufacturers concentrate on their
core activities and not think too much about things like asset usage and equipment uptime.

I would like to thank my teacher and seminar advisor, my supervisor Assoc. Prof. IlThan AYDIN at the
computer engineering department for his invaluable support and guidance. He ensured that work on this study
was my own while steering me in the right direction as and when I needed it.

Aydil Jumaa BAPIR
ELAZIG, 2022
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ABSTRACT

An Industrial Internet of Things Application for Real-Time Condition
Monitoring

Aydil Jumaa BAPIR
Master's Thesis

FIRAT UNIVERSITY
Graduate School of Natural and Applied Sciences

Department of Computer Engineering

January 2022, Page: xiii + 75

In recent years, the production model has become widespread around the world. Smart technology
and modern automation tools are increasingly changing the face of production and industry. The use of
innovative maintenance techniques contributes to production by reducing disruptions and sudden stops in
industry. The achievable production costs by reducing downtime and increasing maintenance performance is
the most critical task. It can achieve these goals with the widespread use of low-cost smart devices that can
provide a comprehensive online view of equipment operating conditions. For these reasons, an Internet of
Things-based method is proposed for monitoring induction motors in this thesis. These devices analyze the
vibration signals of the motor to provide conditional and continuous control of the tolerance of the motor
after a fault.

As a result of artificial intelligence, production and algorithms, it will be possible to remotely monitor the
state of the motor using the methods of remote clouds of the Internet of things. The sound or vibration sensors
that evaluate the stability of the machine help to reduce breakdowns and faults by issuing warnings and
predicting whether the machine is stable, by informing monitoring centers before any fault occurs to the
motor. For this purpose, it will be possible to measure vibration signals from the induction motors and make
condition analysis remotely. The proposed approach is based on measuring vibration signals with a remote
sensing kit and identifying faults based on artificial intelligence. The approach consists of two methods. The
first method is based on the detection of shaft imbalances based on machine learning with vibration signals
measured with the kit. For this purpose, the performance of different machine learning methods was
compared. The second approach is to evaluate the diagnostic performance of three different one-dimensional
convolutional neural networks on motor vibration signals. Obtained results show that methods can be used
to detect motor faults in real environment and multiple motors can be easily monitored remotely.

Keywords: Induction motors, bearing faults, VMD, CWRU, Machine Learning, Deep learning, Steval ST-
WINKTI, IoT, DWT, FFT, CNN, LSTM, CapsuleNet.
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OZET

Gergek Zamanli Durum izleme I¢in Endiistriyel Nesnelerin interneti
Uygulamasti

Aydil Jumaa BAPIR
Yiiksek Lisans Tezi

FIRAT UNIVERSITESI
Fen Bilimleri Enstitlist

Bilgisayar Mithendisligi Anabilim Dali

Ocak 2022, Sayfa: xiii + 75

Son yillarda, iiretim modeli diinya ¢apinda yayginlasmistir. Akilli teknoloji ve modern otomasyon
araglari, tiretim ve endiistrinin ¢ehresini giderek daha fazla degistirmektedir. Yenilik¢i bakim tekniklerinin
kullanilmasi, kuruluslardaki aksama ve ani duruslar1 azaltarak iiretime katkida bulunur. Ariza siiresini
azaltarak ve bakim performansini artirarak gergeklestirilebilecek iiretim maliyetlerini azaltmak en kritik
gorevdir. Ekipmanin ¢aligma kosullarinin kapsamli ve ¢evrimici bir gériiniimiinii sunabilen diisiik maliyetli
akilli cihazlarin yaygin kullanimi ile bu hedeflere ulasabilir. Bu nedenlerle, bu tezde asenkron motorlarin
izlenmesi i¢in Nesnelerin Interneti tabanl bir yontem énerilmistir. Bu cihazlar, bir ariza sonrasinda motorun
toleransinin kosullu ve siirekli kontroliinii saglamak i¢in motorun titregsim sinyallerini analiz eder.

Yapay zeka, iiretim ve algoritmalarin bir sonucu olarak, nesnelerin internetinin uzak bulutlar
yontemlerini kullanarak motorun durumunu uzaktan izlemek miimkiin olacaktir. Makinenin kararliligini
degerlendiren ses veya titresim sensorleri, uyarilar vermenin ve makinenin kararli olup olmadigini tahmin
etmenin yani sira, izleme merkezlerini makinede herhangi bir hasar olusmadan 6nce bilgilendirerek ariza ve
arizalarin azaltilmasina yardimci olur. Bu amagla asenkron motorlardan titresim sinyallerinin 6lgiilmesi ve
durum analizinin uzaktan yapilabilmesi saglanacaktir. Onerilen yaklasim bir uzaktan algilama kiti ile titresim
sinyallerinin &l¢iilmesi ve yapay zeka temelli arizalarin belirlenmesine dayalidir. Onerilen yaklagim iki
yontemden olusmaktadir. ilk yontem kit ile &lgiilen titresim sinyalleri ile makine dgrenmesi tabanli mil
dengesizliklerinin tespitine dayalidir. Bu amagla farkli makine &grenmesi yontemlerinin performansi
karsilastirlmistir. Ikinci yaklasim ise motor titresim sinyalleri iizerinde ii¢ farkli tek boyutlu evrisimsel sinir
aglar1 ile ariza teshis performansimnin degerlendirilmesidir. Elde edilen sonucglar gercek ortamda motor
arizlarinin belirlenmesi i¢in yontemlerin kullanilabilecegini ve uzaktan ¢oklu motorlarin kolayca

izlenebilecegini gostermektedir.

Anahtar Kelimeler: Induction motors, bearing faults, VMD, CWRU, Machine Learning, Deep learning,
Steval ST-WINKTI, IOT, DWT, FFT, CNN, LSTM, CapsuleNet.
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1. INTRODUCTION

1.1. Overview

The induction motors are workhorses of the industrial sector, are exposed to a range of
improper stressors throughout their operating lives, resulting in flaws and setbacks [1]. A
catastrophic fault of a motor in these devices may be quite costly. Due to the widespread use of
automation and a reduction in computer-interface communication, finding an efficient and
accurate fault diagnosis method is becoming more complex. Fault diagnosis for induction motors
is thus complex due to different operating speeds and load conditions. Neural Networks, for
example, is a kind of data-based model that has been more popular in electrical equipment
condition monitoring during the last decade. Decades have passed since the first suggestion of
using vibration, tracking to locate spinning unit faults. Rotor system health may be determined
using vibration testing, which is considered the most accurate method [2],[3]. Each malfunction
in a rotating system generates vibration distinct characteristics compared to reference values.
Standard vibration signal analysis approaches, such as the Fast Fourier Transform, are ineffective
for examining signals having a transient nature. Evaluations are also largely based on the load on
the system and the identification of the high frequency of multi-link faults. A high level of
resolution is required for constituents [4]. Transient signals may be tested using Wavelet, a
scalable signal processing method, without depending on load. It is possible to get both low-

frequency and high-frequency information using the variable window size[5],[6].

1.2. Problem Statement

Predictive maintenance has been utilized by a wide range of industries, including power
plants, infrastructure, transportation frameworks, connection protocols, and disaster services[7].
For the most part, and in a broader context, it implies historical knowledge of the system to
optimize support operations that anticipate faults or failures in a broken-down system by
providing an appraisal of the system's condition [8].

Predictive maintenance programs can identify early indicators of the problem or failure and
then support measures may be provided at the right moment. Diagnostic and prognostic data are
both provided through predictive maintenance [9].

1- Predictive maintenance information has made it possible and efficient to tell what is
wrong, where the error occurs, whether it signals a mistake or a malfunction, and why it
occurs.

2- In addition to being utilized for repairs, predictive maintenance data may also be used

for other reasons, such as predicting the operating duration of a fuel cell [10].



3- Determining the quality of second-hand goods and the wear on cutting equipment.

4- As far back as the 1940s, predictive maintenance has been in use, but in its simplest
form, where an experienced support person visits the preface and uses their senses of
seeing and hearing and noticing and touching to detect an early symptom of a problem,
is now widely used because it is still very effective in a variety of conditions.

Sensors for the duties of monitoring, listening, sensing, and touching are now accessible at
the machine level rather than at the component or device level. Using sensors and wireless
network systems, predictive maintenance gathers data on device status in the most efficient
manner possible. Continuous acquisition and analysis of data is required to determine the most
appropriate moment to intervene in the key maintenance processes such as staffing and
maintaining component order. A multi-disciplinary approach is required for predictive
maintenance tasks, including methods for developing and handling. Procurement of records,
processing of information, and making decisions are the three essential components of
maintenance. There is now research into these three subjects and specific techniques of predictive
maintenance and necessary machinery/components to be kept in mind for predictive maintenance
purposes.

Accordingly, this study explains how predictive maintenance works from a technological
and administrative perspective by first defining predictive maintenance and then highlighting
some critical points that must be considered for the successful implementation of predictive
maintenance. Condition monitoring and repair of expensive and complex equipment are required
when these machines are needed to perform vital company tasks. For example, in today's global
economy, manufacturing organizations are doing all they can to reduce costs and improve product
efficiency in order to remain competitive [11]. An essential part of the industrial chain, rotating
equipment has a considerable influence on production schedules, quality, and cost of manufacture.
Machine fault may be caused by unanticipated malfunctions, collisions, and injuries. Maintenance
costs can account for anywhere from 15 to 60 percent of a product's total cost of production of
food-related manufacturing. In comparison, maintenance costs can account for as much as 60

percent of the total cost of production in iron and steel and other heavy industries.

1.3. Aims of the Thesis

In this thesis, the vibration of an induction motor was analyzed to acquire exact information
that may be utilized to anticipate motor bearing faults. An induction motor carrying fault detection
method has been tried. Machine learning techniques, in addition to wavelet transform (WT) and
fast Fourier transform (FFT), an advanced signal processing approach, are employed in this study
to investigate frame vibrations during initialization. IoT is the basis of today's fast technological

progress. A vast number of items are networked effectively, especially in industrial-automation,



resulting in a condition, and monitoring to enhance efficiency to collect and process the
parameters of induction motor, the suggested solution employs an loT-based platform. The facts
obtained may be kept in the cloud platform and accessed through a web page.

As a deep learning methodology, a one-dimensional convolution neural network (1D-CNN)
is used to diagnose and identify early bearing faults based on Variational Mode Decomposition
(VMD). Methods such as VMD-based feature extraction for fault detection are followed by multi-
scale feature extraction for classification and diagnosis using convolutional neural networks and
pooling layers. Bearing fault detection and diagnosis are evaluated using the Case Western
Reserve University experimental dataset to determine its robustness and performance.
Demodulation techniques and machine learning algorithms are also contrasted for their ability to
identify and diagnose the fault. A VMD filter and one-dimensional convolutional neural network
approach for monitoring bearing fault are clearly promising, according to the results obtained

from the experiments.

1.4. Literature Review

In some cases, Federico Civerchia et al. [12] proposed a sophisticated industrial IoT
solution, the NGS-Plant One system, intended to enable ubiquitous monitoring of industrial
equipment with a battery-powered it sensing devices, enabling the creation of advanced predictive
maintenance applications. To evaluate the created IoT system in a real-world context, the NGS-
Plant One solution was first deployed and subsequently operated in a real-world electrical power
plant. The installed testbed, consisting of 33 IoT sensing devices, has been running for two
months, assessing transmission delays and system life via power consumption measurements. A
year is the estimated average life if each IoT smart device is set to deliver gathered and elaborated
data every 30 minutes.

A. Ajitha et al 2017 [13] used an Arduino board and needed sensors to create and execute
IOT technology. The proposed strategy comprises an IoT-based platform to collect and process
the induction motor parameters. The acquired data may be processed in the cloud network and
seen through the web page, and the suggested approach includes a youth-based platform to gather
and process the induction motor parameters. The data gathered may be kept in the cloud platform,
which can be accessed via the web page. Additionally, the system will send out warnings in real-
time if any of the monitored parameters are deviated from their intended ranges, allowing for
quick remediation and saving both time and money. Advantages of this system involve continuous
monitoring of the equipment, getting alarms, and data availability for predictive maintenance.

Li Da Xu et al.[14] began with an overview of what the IoT is all about and then moved on
to cover some of its most critical potential technologies. The next section outlined some of the

most important industrial uses of it. Research problems and future developments in IoT were then



discussed. Unlike previous out surveys, their review study focuses on industrial IoT applications
and emphasizes potential future industrial researchers' obstacles and potential research
possibilities.

Y. Amirat et al. [15] proposed a technique for early fault diagnosis based on variational
mode decomposition (VMD) as a notch filter for dominant mode cancellation and a one-
dimensional convolution neural network (1D-CNN) for fault identification and diagnosis. They
suggested extracting features using VMD for fault detection, then extracting multi-scale features
using CNN convolution and pooling layers for classification and diagnosis. The resilience and
performance are examined using the well-known Case Western Reserve University experimental
dataset. They also compared performance against well-established demodulation methods and
machine learning methodologies for fault diagnostics. A 1D-CNN technique using VMD notch
filters represent promise results for monitoring of bearing faults.

Wang et al. [16] created a unique hybrid fault diagnostic technique for diagnosing signals
and fault classification that combines VMD with a one-dimensional convolutional neural network
(1D CNN). VMD reduces stochastic noise from raw signals and improves their features. Because
the model number and penalty parameter are critical in VMD, they developed a unique
optimization approach and a new fitness function: the weighted signal difference average. The 1D
CNN uses the recovered signals of mode components decomposed by improved VMD to create
fault diagnostic models. The proposed hybrid technique was tested on rolling bearings. Based on
the experimental findings, they suggested hybrid technique is preferable for fault identification of
vibration data.

Eren L et al. [17] have been explored the performance of a general real-time induction
bearing failure diagnostic system using a compact adaptive 1D CNN classifier in detail. While
several research studies have produced accurate bearing fault detection algorithms, their findings
have often been confined to tiny train/test data sets. Unlike traditional intelligent fault detection
systems, their proposed system utilizes raw time-series sensor data as input and effectively
discovers optimum features with sufficient training. 1D CNNs have several advantages over
complex, deep architectures, compact architecture, configuration (instead of complex deep
architectures) that performs only 1D convolutions, thus their method is suitable for real-time fault
detection and monitoring and the ability to work without any pre-determined transformation. The
1D CNN based fault detection approach is evaluated against existing intelligent fault diagnostic
methods using two widely used benchmark actual vibration data sets.

Song et al. [18] proposed an intelligent fault diagnostic system incorporating VMD, CNN,
and LSTM neural networks. First, VMD decomposes the original bearing vibration signal into
modal components with fault characteristics. Second, the number of local modal components was

determined using the instantaneous frequency mean value. The two-dimensional feature matrix



comprises calculating local feature components and the CNN's input data. Third, the CNN extracts
the fault features implicitly and adaptively, and its output is given as the LSTM layer's input. The
LSTM extracts time series data from fault signals. Finally, the output layer used Softmax function
to recognize numerous bearing problems. The experimental findings suggest that the proposed
strategy increases diagnostic accuracy and overcomes standard diagnosis flaws.

Wang et al. [19] proposed a novel bearing-fault detection approach that combines multi-
modal sensory information, such as accelerometers and microphone data, is proposed. The
suggested technique employs 1D-CNN-based networks to combine raw vibration and acoustic
inputs. The proposed technique is evaluated using extensive experimental findings from 10 groups
of bearings. It outperforms methods based on a single-mode sensor in terms of diagnostic accuracy
when the loss function and accuracy rate are analyzed. A visualization, analysis is also performed
to analyze the suggested 1D-CNN-based method's inner mechanism.

Hao et al. [20] utilized 1D-CNN for feature extraction, while LSTM was used for
classification. K-nearest neighbors (KNN), SVM, CNN, and BPNN have all been used to compare
this method's effectiveness. Multi-sensor vibration data were collected and then merged to
enhance bearing fault detection. Fewer time steps in the LSTM layers for long-term temporal
feature extraction reduce the LSTM layers' computational complexity. The proposed method
outperforms existing bearing fault diagnosis approaches and adapts well to different loads and
low SNRs.

Liu et al. [21] proposed a new strategy combining a 1-D denoising convolutional
autoencoder (DCAE) with a 1-D convolutional neural network (CNN) to overcome thier issue.
For dancing, the DCAE model is trained using noisy input. The CNN model uses a global average
pooling layer instead of fully linked layers to limit the number of parameters and the danger of
overfitting. Also, randomly distorted signals are used to teach anti-noise diagnostics. Datasets of
bearings and gearboxes with Gaussian noise confirm the technique. The proposed DCAE model
effectively denoises input data while employing global average pooling and input-corrupt training
increases the CNN model's anti-noise capacity. Thus, combining the DCAE and CNN models
may provide a high-accuracy diagnosis in noisy environments.

Finally, Kiranyaz et al. [22] presented the concept of extracting the signal processing stage.
For class discrimination, it is subsequently replaced by convolution layers and pooling. Despite
machine learning outcomes for feature extraction and filtering, signal processing is still extremely

beneficial for improving diagnostic accuracy, particularly in noisy environments.

1.5. Thesis Layout

The remaining parts of this thesis are divided into four chapters. More than one application

has been taken in this study to detect the condition monitoring of industrial machines in the state



of the real-time fault and the suitable techniques for connecting the real-time statues (healthy or
faulty) to the appropriate cloud.

The second chapter focuses on motor faults, neural network fundamentals, deep learning,
CNN and RNN architectures, applications, and the Python framework with its main tools used in
this thesis in addition to machine learning methods, SVM, KNN, Naive Bayes, and decision tree.
The third chapter discussed the data set used in this thesis, explaining the structure of the proposed
modulation models (1D CNN, LSTM, CapsuleNet), and training both modifiers’ models to detect
motor Fault. In the fourth chapter, the fault detection results after training and testing are
discussed. The model's performance was evaluated using some evaluation scales and compared
with the performance of other related works. Finally, Chapter Five discusses the main conclusions

and future work.



2. BACKGROUND AND GENERAL TECHNIQUES

2.1. Introduction

Due to the development of deep learning techniques, convolutional neural networks and
recurrent neural networks have been widely used in many fields. In the field of computer vision,
deep learning is gaining popularity, in part due to giant data sets in various fields. This section
discusses theories of bearing fault occurring in induction motors in the literature and the stimuli
used in the literature. Also, it discusses the methods of feature extraction used in this thesis.
Finally, this section discusses the principles of convolutional neural networks and variational
mode decomposition, and we discussed the main evaluation metrics used in this thesis to control

the proposed model performance.

2.2. Motor Faults

Induction motors are sturdy, low cost, low maintenance, relatively compact-sized,
reasonably high efficiency, and functioning with a readily accessible power source. Despite their
reliability, they are susceptible to a variety of unpleasant flaws. The bearing, stator winding, rotor
bar, and shaft of an induction motor are the most fault-related sections, according to research on
the device's design and performance. Faults may also emerge as a result of an uneven air gap
between the stator's inner surface and the rotor's outer surface of the motor. Motor dependability,
performance, and problems have all been the subject of several investigations in the past [23]. IEEE
(Institute of Electrical and Electronics Engineering’s) and EPRI (Electric Power Research Institute)
investigations of motor faults are referenced in [24]. In this research, the proportion of various
faults in relation to the overall number of faults was determined. IEEE examined a variety of
industrial motors as part of their investigation. Using the IEEE Standard 493-1997, Table 2.1
represent the most prevalent errors and their incidence rates. The motor manufacturer's report was
the foundation for research sponsored by EPRI and carried out by General Electric Company. Faults

in induction motors can be categorized as follows:

a) Electrical faults: There are many types of faults that fall into this category. They
include imbalances in voltage or current and single phasing. They also include under
or over voltage, current and reverse phase sequence.

b) Mechanical faults: include broken rotor bars, mass imbalance, air gap eccentricity,

bearing corrosion, and rotor and stator winding failure.



¢) Environmental faults: Induction motors work better when the outside temperature is
right and there isn't a lot of moisture around. The vibrations of the machine, which

can be caused by anything from a bad installation to a bad foundation.

Table 2.1. Fault occurrence possibility on induction motor

Studied-by Bearing-fault (%)  Stator-fault (%)  Rotor-fault (%) Other faults (%)

EPRI 41 36 9 14

IEEE 42 28 8 22

There are many various forms of stator faults, as well as many different types of rotor faults.
A list of induction motor issues, such as a broken bar fault, a rotor mass imbalance fault, a bowing
rotor fault, a bearing fault, a stator winding fault, a single phasing fault, and so on, may help with
fault diagnosis. Another problem with induction motors is the so-called creeping issue, which
occurs when the motor fails to reach its rated speed, but instead operates at around one-seventh of
its synchronous speed. About 8-9% of all motor faults are rotor faults. Broken bar, rotor mass

imbalance, stator winding, single phasing, and crawling faults are all addressed in this study.

Multiple failures might develop concurrently in an induction motor, making it difficult to
identify the root cause [25]. Overheating, torque loss, vibration, and stator current and voltage
oscillations are all possible outcomes of induction motor problems of this kind [26]. As a result of
these motor problems, some harmonic components of current and voltage might rise in amplitude.
Any of these issues may have an impact on the performance of an induction motor. The causes and

implications of various induction motor problems are addressed in the following sub-sections.

2.2.1. Stator Fault

Stator of an induction motor is exposed to a lot of different stressors [27], including
mechanical, electrical, thermal, and environmental. If these stressors are strong enough, stator faults
may happen. The stress of a well-designed motor can be kept under control if the correct operations
and maintenance are done. The stator problems can be broken down into two groups: i) problems
with the laminations and the frame of the stator, and (ii) problems with the stator winding. A lot of
people have stator problems like the second one. IEEE and EPRI found that 28-36 percent of
induction motor problems are caused by stator winding problems [28]. Most of these problems are

caused by a combination of the stressors above.



Figure 2.1. Photograph of damage stator winding [29]

In Figure 2.1, shows induction motor problems thar are caused by stator winding problems

2.2.2. Effects and Causes of Stator Faults

i. Mechanical Stresses: Mechanical faults are created when the stator coil and rotor collide.
The Rotor may collide with stator owing to misalignment of rotor and stator or shaft
deflection. Mechanical vibrations may cause the stator windings to detach, resulting in
an open-circuit problem if the stator-laminations breach the coil insulation leads to
ground fault occurring [30].

ii. Electrical Stresses: They are mostly caused by transients in the supply voltage. This transient
occurs as a result of various faults (such as line-to-line, line-to-ground, or three-phase
faults), as a result of lightning, as a result of circuit breakers being opened or closed,
or as a result of the drives of variable-frequency [31]. This transient voltage degrades
the stator winding's life and, in extreme cases, may result in a turn-to-turn or turn-to-
ground failure.

ili. Thermal stresses: This is due to thermal overloading, which is the primary cause of the stator
winding's insulation breakdown. Several factors may cause thermal stress, including a
high temperature, a lack of ventilation, and an imbalanced supply voltage [31]. There
is a rule of thumb that suggests that if there is a 3.5% voltage imbalance per phase,
winding temperature will rise by 25% in the phase with the greatest current [32]. The
temperature of the windings will rise if the motor is started and stopped a lot in a short
period of time. It's possible that if the winding temperature rises and the motor is
beyond its temperature limit, the best insulation may also fail rapidly. Thumb rule:
insulation life is decreased by half for every 10 degrees Celsius rise in temperature

over the stator winding temperature limit [33].



iv. Environmental stresses: If the motor is operating in an atmosphere that is too hot, too cold,
or too humid, these strains may occur. The insulation of the stator winding may be
contaminated by foreign material, which can limit the pace at which heat is dissipated

from the motor [31]. The effect of temperature is given in Table 2.2.

Table 2.2. Effect of rise of temperature

Ambient in °C Insulation life in hours
30 250,000
40 125,000
50 60,000
60 30,000

The area around the motor should be clear of obstructions; otherwise, the heat created by

the rotor and stator will raise the winding temperature, reducing the insulation's life.

2.2.3. Bearing Fault

An induction motor's spinning shaft is supported by two sets of bearings at start and end of
the rotor, they kept the rotor in place and made it easier for it to revolve freely by reducing friction.
Each bearing comprises of an inner and outer ring referred to as races, as well as a set of rolling
components referred to as balls that are placed between these two races. Normally, when a motor
is used, the inner race is coupled to the shaft and the load is conveyed through spinning balls this
reduces friction. The use of lubricant between the wheels of the race reduces friction even more.

Figure 2.2. (a) shows a typical ball-bearing and Fig. 2.2.(b) shows a dissected ball-bearing [34].

A bearing fault is defined as any physical damage to the inner race, the outer race, or the
surface of the balls as a result of the operation of the bearing. Bearing failure is the most common
cause of induction motor failure, and it is the component that fails the most often. When it comes
to induction motors, it is the single most common source of fault according to the findings of an

IEEE and EPRI researches.
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Figure 2.2. (a) Ball bearing, (b) Ball bearing (dissected) [34]

Figure 2.2, shows ball bearing and ball bearing (dissected)

Effects and causes of bearing fault:

1. Excessive loads, tight fittings, and rapid temperature increase may all cause the two races
and ball materials to anneal. Additionally, they may deteriorate, if not completely destroy,
the lubrication. Brinelling happens when the load exceeds the elastic limit of the bearing
material.

2. Fatigue failure: This is because the bearings have been running for a long time now, which
makes them wear out. It breaks down and then removes small pieces of material from the
surface of races or balls. In this case, the failure of the bearings will spread when they are
used again, so it is called "progressive." For this bearing to fail, the noise and vibration
level of the motor will get worse.

3. Corrosion: Because of corrosive fluids (acid, etc.) or corrosive atmospheres, this effect
occurs. The corrosion of bearings may occur if lubricants degrade or if the bearings are
installed haphazardly. Corrosion may lead to early failure.

4. Contamination: It is one of the main reasons that bearings fail. Dirt and other foreign
particles get into lubricants, which happens a lot in places where people work with
machinery. Some of the effects of contamination are high vibrations and wear on the parts.

5. Lubricant failure: This occurs when the lubricant flow is limited or the temperature is high.
Overheating occurs when the lubricant's properties are degraded, resulting in increased
wear of balls and races. The lubricant (grease) melts and leaks out of the bearing if the
temperature is too high. Lubricant failure is indicated by discolored balls and tracks.

6. Bearing misalignment: For this, the surface wear of races and balls causes the bearings to

heat up.
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In the event of a bearing failure, it has been shown that friction arises. This causes the temperature
of the bearings to rise and the vibration of the machine to get worse. For example, bearing
temperature and vibration can tell you a lot about the condition of the bearings and the health of

the machine.

2.2.4. Condition Monitoring and Its Necessity

For industrial prime movers, induction motors are the most common workhorse, because of
their robustness, cheap cost, minimal maintenance, compact size, great efficiency, and ability to
operate with a readily accessible power source. Induction motors utilize around half of the nation's
total produced electricity [35]. Induction motors are used in a large variety of applications, but they
have a few drawbacks in terms of their working circumstances. If these circumstances are exceeded,
stator and/or rotor early failure may occur. This failure may result in a loss of time and money, and
in some cases, the whole industrial process. Therefore, it is critical to ensure that the induction
motor does not fail at any point. There is a constant strain on induction motor operators and

mechanics to avoid unexpected downtime as well as to lower the maintenance costs of the motors.

Three types of electrical motor maintenance are available: breakdown, regular and condition-
based. It's a common practice in breakdown repair to "run the motor until it fails," which implies
that only when the motor breaks down does the maintenance begin. In this situation, even if the
motor may operate for a long time before it has to be serviced, it is considerably more expensive to
replace the complete machine rather than just the damaged components. Due to the time it takes to
get back up and running, productivity suffers. Fixed-time maintenance necessitates a lengthy
downtime since the motor must be stopped for examination. Every fault must be identified
appropriately by skilled and experienced technicians. Condition-based motor maintenance is
required for all of these reasons. As the motor is permitted to function normally, the first hint of an
incipient problem is taken care of immediately. Induction motor condition monitoring is the subject

of several studies [35].

When there is a problem with a piece of equipment, the plant operator needs to have enough
information to make the best possible decision about what to do next. If there is not enough
information, there is a chance that the wrong diagnosis of the problem will lead to the wrong
replacement of parts, and if the root of the problem isn't found, the replacement or any other action

that has been taken will also fail.

In condition monitoring, motor signals are sent to a system of data acquisition all the time,

and the safety of the motor is constantly checked while it is running. This is called online condition
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monitoring of the motor, and it is also possible to discover issues. even as they are developing.
Operators and technicians can plan ahead for preventive maintenance and get the parts they need
for repairs before they need them. Thus, condition monitoring can help you plan your maintenance
and keep your motors up and running as long as possible, which will make the motor more reliable.

The following are some of the benefits of using condition monitoring [36]:

Predict the faults of the motor.

e Optimize the maintenance of the motor.
e Reduce the cost of maintenance.

¢ Minimize machine downtime.

o Increase the dependability of the motor.

2.3. Steval-Stwinkt Kit

The STWIN Sensor Tile wireless industrial node (STEVAL-STWINKT1) is a sophisticated
industrial 10T reference design and development kit for predictive maintenance and condition
monitoring. The kit also comes with a core system board that includes a range of industrial grade
sensors. An ultra-low power microcontroller is used to analyze vibration data from nine degrees of
freedom, as well as high-precision environmental and temperature monitoring on a local level.
Besides the development kit comes with a lot of software and firmware libraries, there is also a
cloud-based dashboard application that can help speed up the design process for full solutions. An
on-board BLE (Bluetooth Low Energy) module and a separate plug-in extension board allow the
kit to connect wirelessly to the internet through Wi-Fi (STEVAL-STWINWFV1). A built-in RS485
transceiver allows for wired communication as well. Additionally, an STMod+ connection is
included on the main system board for attaching appropriate small form factor STM32 family

peripherals like the LTE Cell pack. [37].
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Figure 2.3. STEVAL-STWINKT1 STMicroelectronics [37]

shown in figure 2.3 shows the STEVAL-STWINKT1 STMicroelectronics kit with its
peripherals.

2.4. Data Presentation on Its Cloud

The STWINKTT is used to create custom industrial condition monitoring applications. There
are two methods for connecting STWIN to the cloud. The first method — the standard firmware that
comes pre-flashed on STWIN — utilizes the onboard Bluetooth Low Energy Module to connect
STWIN to the ST BLE sensor application for Android/iOS, which enables sensor data reading,
motion and audio algorithm demos, and firmware updates over the air.

The second project develops an end-to-end sensor to cloud application and complements it
with a cloud application (DSH-PREDMNT) hosted by ST and powered by AWS. We may link the
STWIN to the specialized DSH-PREDMNT web-based dashboard to record and monitor sensor
data and equipment status using the plugin WiFi expansion board STEVAL-STWINWFV1
(available as an add-on to the kit). The program collects and analyzes sensor data for the

MP23ABS1 analog microphone (up to 80 kHz) and the IIS3DWB accelerometer (up to 5 kHz) [38].

2.5. Internet of Things

In the scenario of telecommunications of the modern wireless, the Internet of Things (IoT)
is a new concept that is quickly gaining ground. The central principle of this theory is the pervasive
existence of several items or objects surrounding us, such as Radio Frequency Identification
(RFID) tags, sensors, actuators, and cell phones. Via specific management structures, they are

able to communicate with each other and collaborate with their neighbors to achieve common
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goals [39], 10T key strength definition is doubtlessly the potential effect, it would have on many
aspects of actions and daily-life of potential-users. From a view of private users’ point, both in
the domestic and working sectors, the most apparent results of the IoT implementation would be
shown. In this sense, only a few examples of potential implementation situations in which the
modern model will soon play a crucial role, living assisted, e-health, and enhanced learning.

Similarly, from the view point of market users, in areas such as industrial and automation
logistics, business/process, production manufacturing, intelligent transport of people and
products, the most clear suggestions would be noticeable equally, It highlights potential
possibilities that could emerge, starting from the idea that "public demand combined with
advancements in technology could drive the widespread proliferation of an Internet of Things
(IoT) that could contribute invaluably to economic growth [40], like the current Internet, The
potential risks resulting from the widespread implementation of such a technology are also
highlighted, Indeed, it is stressed to the degree that everyday objects become threats of
information security, these risks could be spread by the youth far more broadly than the Internet
has to date, many challenging problems still need to be tackled, and before the IoT concept is
generally accepted, both technology and social knots must be untied, Central issues are making it
possible for interconnected devices to be completely interoperable, providing them with an ever-
higher intelligence degree by permitting their autonomous and adaptation actions, while ensuring
confidence, privacy, and protection. The IoT definition also presents many new issues relating to
the networking aspects [41].

In fact, in terms of both computational and energetic power, the internet of things presents
would be characterized by low resources. Accordingly, in addition to the obvious scalability

concerns, the suggested solutions must pay particular attention to resource quality.

2.6. System Design

For fault diagnosis, data is collected from an induction motor with the STWINK module.
This module works wirelessly and with batteries and transmits data wirelessly. The schematic of

the experimental setup set up is given in Figure 2.5.
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Figure 2.4. Predictive maintenance system design

In Figure 2.4. the data is first taken from the asynchronous engine and transmitted to the

cloud environment. It is then transferred to a computer environment and analyzed.

2.7. Feature Extraction Methods

In this thesis, four methods have been proposed for classifying vibration signal-based feature
extraction. These methods are statistical features (SF), the combination of welch power spectral
density (PSD) method with a statistical feature, the combination of Fast Fourier transforms (FFT)
method with a statistical feature, and the combination of statistical feature with a wavelet packet

decomposition (WPD) method.

2.7.1. Statistical features

The mathematical-statistical analysis method is applied to the signal to obtain more
information about the signal that cannot be obtained from the mother signal. This method is an easy
method to extract features. In this thesis, six statistical features (mean, standard deviation, variance,
median, maximum value, and minimum value) were applied to extract six features [42]. Equation
(2.1) describes the method for calculating the mean function. Standard deviation calculates the
deviation values from the mean value of the vibration samples. Equation (2.2) describes the method
for calculating the standard deviation. The middle element of the array refers to the median value,
as seen in equation (2.3). Variance is the average of the square deviations.

Avg = ——Yt s X, @2.1)

Ne—ng —1=MNs
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Where ng refers to the signal’s starting point while n, refers to the signal’s endpoint, n, —
ng is pointing to the samples total number. The variable I is pointing to the horizontal axis values,
Xyp refers to the mean value of the Vibration data, X is the median equation refers to the ordered
list of values in data set. The parameter n refers the number of values in the dataset, and S? refers

the samples of variance, x; refers to the value of the one observation, X refers to the mean value.

2.7.2. Fast Fourier transforms

Fourier transforms (FFT) is a useful method for extracting information from vibration
signals because it performs large scale arithmetic-operations on actual values from four different
frequency bands (alpha, beta, gamma, and theta). The Butterworth fourth-class filter used to isolate

these four prohibitions. Equation 2.5 was used for data feature extraction [42]-[43]:
Xp =N Xe N, £=012,.....,N-1 (2.5)

Where N is the total number of data samples, Xy is the coefficients of FFT, and n is pointing to
the total number of points in the FFT.

2.7.3. Wavelet packet decomposition

Wavelet Packet Decomposition (WPD) is one of the techniques for extracting additional
characteristics from wavelet-decomposition (WD) by signal deconstruction into multiple frequency
bands. It is beneficial for extracting delicate details from signals with varying resolutions, as it may
deconstruct the signals with varying resolutions. each signal is divided into two integral sub-spaces,
denoted by the letters V and W, where V denotes low-frequency information and W denotes high-
frequency information, respectively. A complete wave tree will be created after the signal has been
wholly dissected, as seen in figure 2.2.[45], [46]. Figure 2.5 shows the steps of Wavelet packet

decompositions.
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Figure 2.5. The WPD tree (A= Approximation coefficient, and D= detail coefficient) [47].

In Figure 2.5, the detail and approximation components for the S signal are obtained. These

signals are obtained for certain levels and feature extraction is performed.

2.8. Deep Learning

Deep learning is a neural network with multiple-layers of nonlinear processing units. Each
successive layer receives the output from the previous layer as input. The network can extract the
complicated hierarchical characteristics from a vast quantity of data by employing these layers.
Deep learning may represent functions with increasing complexity if the number of layers and units
in a single layer is raised. Deep learning algorithms may assist humans in establishing mapping
functions for operational convenience if sufficient labeled training datasets and acceptable models
are available [48]. Also, Deep learning is a branch of machine-learning that trains computers to do
what comes easily to humans. Machine learning algorithms employ computational approaches to
“learn” information from data directly without depending on a preconceived equation as a model
[49]. Deep learning is highly suitable for image identification, which is vital for tackling issues
such as motion detection, face recognition, and various advanced driver-assistance technologies
such as autonomous parking [50]. Auto encoder, pedestrian detection, autonomous driving and lane
detection, and Convolutional Neural Networks (CNNs) are the four basic architectures used in deep
learning. Convolutional and Recurrent neural networks were utilized to construct a detection model

for extracting motor fault from vibration data.

2.8.1. Convolutional Neural Networks

Convolutional Neural Networks (CNNs) are one of the most popular categories of deep
learning. First designed by Yann LeCun [51] as LeNet and this network was first implemented to

recognize handwritten numbers. Convolutional Neural Networks (CNNSs) can extract features from
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data and classify them into a single structural model, unlike traditional Artificial Neural Networks
(ANNSs) [52]. With CNN's recent success in computer vision, it is clear that its use with picture data
from a particular network topology is key [53]. Images and movies, both of which have high
dimensionality, are common data types for this technique. The functioning process of CNN is
comparable to that of an ANN in principle. There is a significant distinction between CNN and
other image processing systems because CNN utilizes two-dimensional filters or weights
convolved over the image data. Both supervised and unsupervised model learning may be achieved

using CNNs in the same way. Figure 2.6 depicts the overall structure of CNN.

Output Layer

(Softmax)

Fully-connected
Layer

Convolution Pooling

Flatten
Figure 2.6. CNN Layers

Since their inception, CNNs have found widespread use in 1-D signal processing, despite
their intended intent to distinguish objects in two-dimensional data like images and video frames.
The most important components in the CNNs are the convolutional layers, Dropout layers, Pooling
Layers, and Fully Connected Layers. The convolutional layers contain a group of filters or kernels
that are convolved with the input data to extract the feature map. These filters are a group of
numbers (weights) that are organized in two-dimensional (in case of single-channel) or three-
dimensional (in case of three channels) matrix. The learning operation includes many iterations,
the weights are initialized randomly and updated continuously according to the expected output.
The filters are conniving with the convolution layer input, as shown in figure 2.6. The filter is
multiplied with a highlighted patch (also 3x3) of the input feature map and sums up all values to
generate one value in the feature map output. Note that the filter slides along the height and width
of the feature map of the input, and this process continues until the filter cannot slide further
anymore. When a feature map has been pooled, a two-dimensional filter is slid over each channel

and the features in that area are summed.
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By using pooling layers feature maps may be reduced in size. There are fewer parameters to
learn, which in turn decreases the processing time of the network. A feature map generates from
convolution layer, while features summing up by pooling layer in a specific area. So, the
convolution layer generates summary characteristics rather than exact features that may be used for
subsequent processing. As a result, the model is more resistant to changes in the image's feature
locations. Pooling functions like max, min, and average is used to minimize the input feature maps.
Figure 2.7 shows that the max-pooling is most often utilized function. Pooling operations that pick
the largest or minor elements from a feature map are known as max pooling. A feature map
comprising just those most prominent features in the previous one would be generated after the

max-pooling [54], [55].

Input batch \ -4 1 6 2 4

Convolution kernel 4 4 | ———
Features -1 1 3 4 2

ReLU activation

Max pooling W

3 4
Batch Normalizatio\

Figure 2.7. Input data (green), convolved data with 1D (yellow), ReLLU activation function and max pooling
layer used, applied batch normalization to the max pooling output

3 9 4 7 5
0 6 7 3 1 2 — | 3 5 4
2 4 5 0 3 2 4 3 2
3 7 5 0 2 1 6 4 5

Figure 2.8. Max Pooling Operation.

As shown in Figure 2.8. Fully linked layers may be regarded as convolution layers with
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weights of 1x1 dimensions. It's important to note that all of these levels' units are related to each
other. Like an ANN, these layers operate by multiplying the feature maps inputs with their weights
and adding the bias vector, and then applying the non-linear activation function. The use of fully

linked layers in picture categorization and pattern recognition has become more common [56].

2.8.2. 1D convolution neural network
1D CNNs are used in a lot of signal processing applications, especially vibration signals.

Where the signal is converted to spectrograms and analysis [56]. 1D CNNs have become a popular

method of signal processing because these networks can take advantage of the signal’s fine time
structure. For example, Kim et al. [57] proposed a 1D CNN architecture for automatic tagging of
musical signals. The basic architecture of 1D CNNs is somewhat similar to a regular neural
network, but it differs from a neural network in that it receives raw data as input rather than

handcrafted features. Then, it analyzes the data through several trainable convolutional layers to

extract features. Finally, these networks classify the features in the same architecture [58].
Flattened

Two layers of 1D CNN with 64 filters Max pooling

4—‘—— I,I'I » /
/

/ - /

Input data

Figure 2.9. An example of the architecture of the 1D CNN.

Figure 2.9 shows the general form of the 1D CNN architecture.

2.8.3. Capsule Network

Capsule Networks (CapsNet) are networks that are capable of retrieving spatial information
and other critical properties in order to compensate for the information loss that occurs during
pooling operations. Consider the distinction between a capsule and a neuron. Capsule outputs a

vector with direction. For instance, if the image's orientation is changed, the vector is likewise
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shifted in the same direction, but the output of a neuron is a scalar number that conveys no

information about its direction.
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Figure 2.10. CapsuleNet Layers

Figure 2.10 shows the architecture of CapsuleNet Layers

2.8.4. Recurrent Neural Networks (RNN) with Long-Short term memory (LSTM)

A recurrent neural network (RNN) is a neural loop network that has internal memory. The
RNN performs the same function for all input data, and the current input, output depends on the
previous operation [59]. This means that this network deals with sequence data such as climate and
text data. In the texts, the sentence consists of sequential words linked together, and in the climate,
there is a relationship between today's temperature and yesterday's temperature [60]. An RNN
mainly consists of multiple neurons (nodes). Each node has a time-varying value. Also, each
connection has an actual weight that can be modified in any situation. The neuron's output at time
t-1 will be passed to the input at time t, and add the data at time t to generate the output at time t.

The formulas of RNN are shown in equations 2.6 and 2.7 [60].
h; = tanh (Wphe_1 + wyx;) (2.6)
Ve = wyhe (2.7)

Where h; refers to the hidden layer vector, x; refers to the input vector, y; refers to the output
vector, and wy, refers to the weighting matrix.

After the output is obtained, it is sent back to the recurrent network for the appropriate
decision to be made. An RNN takes into account the current inputs and the outputs learned from
the previous inputs. This redundancy can make the network somewhat opaque because RNN tends
to be over-processed and requires good organization. But it is no different from a normal neural
network. It can be considered as multiple copies of the same network, each copy transmitting a

message to the next copy. Figure 2.11 represents the loop process in the RNNs.
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In Figure 2.11, Part Net looks at the input (x;), then gives the output (0;). Some of the
applications of RNN are given as language modeling [62], speech recognition [63], machine
translation [64].

Long-Short term memory (LSTM) was first proposed to improve RNNs by Hochreiter and
Schmidhuber (1997) [61]. The idea of an LSTM network is based on the concept of control gates
that control the flowing data and prevent problems that unnecessary data may cause. Later, the
LSTM network was updated by Gers et al. (2000) [65]. Forgetting gates have been added to forget
useless memories from the memory cell. The number of gates in the LSTM network becomes three:
input gate, forget gate, and output gate. Figure 2.8 shows the three gates of a single cell structure
of the LSTM network. Also, figure 2.9 shows the recurrent process on the LSTM network. The
LSTM network differs from the RNN in learning skills by using a complex gate approach. The
input gates learn the importance of the input information, The network gate learns the importance
of the volume of relevant information. In addition to the forgotten gate. A study was presented in
2012 [65], in which LSTM was used for a modeling task using English and French. This study
concluded that LSTM outperformed RNN by 8%. Figure 2.10 shows the architecture of each gate.

Also, figure 2.10 shows the architecture of the LSTM model for motor fault recognition.
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Figure 2.12. (a) Single-cell of LSTM network [66], (b) LSTM's gates [67].

As shown in Figure 2.12 (a), the forget gate is defined using Equation 2.8. This equation
eliminates unnecessary information. This is done by entering the output (h;_) at the previous unit
(t — 1), and adding the current time (t) input (x;) into the sigmoid function Sy As can be seen in
equation 2.9. Where values between 0 and 1 are generated, as can be seen in figure 2.12.(b) A value
of 0 indicates that this information is forgotten and a value of 1 indicates that this information is

not forgotten [60].
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Figure 2.13. The architecture of the LSTM model for motor fault recognition [66].
Figure 2.13. shows the architecture of the LSTM model for motor fault recognition
ft = o(wy . [he—q, x¢] + by (2.8)
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Figure 2.14. The sigmoid and tanh function [67].

Figure 2.14 shows the change in happening between Sigmoid and Tan hyperbolic function

As for the input gate, it defines the new information that must be remembered in the cell. In
the input gate, equation 2.10 is used to calculate the value of (i;) to determine the amount of state
of the new information cell to remember. The value (i;) is between 0 and 1. At the same time, the
tanh layer gets an election message (¢;) using equation 2.11. Then the values of the i; are multiplied
by the values of ¢,that were obtained using the Sigmoid function to get updated information, as can

be seen in equation 2.12 [60].
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it = O-(WL . [ht—l’ xt] + bl (210)
¢; = tanh(wg . [he_q, x¢] + b, (2.11)
€t =fe*Ceo1 Hip*Ce (2.12)

As for the output gate, it determines the information that will be output from the cell. Whereas, the
equation 2.13 is used to generate values between 0 and 1 to determine the number of cells of
information that need to be output (o;). Then the result we got in equation 2.13 is multiplied by a
value between -1 and 1 using the tanh function, as can be seen in equation 2.14. Here we will get

the output (h;) For the LSTM block at time t.
Ot = U(WO . [h’t—l' xt] + bO (213)

h; = o, * tanh (c;) (2.14)

2.9. Evaluation Metrics of the Semantic Segmentation

The main objective of the vibration signal classification based on motor vibration signals is
assigned a class label for each type of fault in the target. The evaluation process of motor fault is
performed using global and class-wise metrics such as confusion matrix, sensitivity, specificity, the
area under the curve (AUC), precision, recall, and f1-score. The global metrics measure the overall
accuracy without respecting the classic's accuracy individually. These metrics are accurate with
applications that have a convergent amount of class labels. While in other metrics, the accuracy of
each is usually used by the application that has class imbalance [56]. The following metrics are

used to evaluate the performance of the fault detection based on motor signals in this thesis.

2.9.1. Confusion Matrix

It is a tool that measures the performance evaluation of the classification model. It contains
information about the number of actual and predicted labels. The performance of these systems is
often evaluated using confusion matrix data. Table 2.3 shows the confusion-matrix for a two-class
model [68]. In the context of this thesis, the elements in the confusion matrix have the following
meaning:

* TP is the number of correct-predictions that an instance is positive,
* FP is the number of incorrect-predictions that an instance positive,
* FN is the number of incorrect-predictions that an instance is negative

* TN is the number of correct-predictions that an instance is negative.
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Table 2.3. The Confusion Matrix for Two Class [68].

Actual
Positive Negative
Positive TP FP
Predicted
Negative FN TN

2.9.2. Global Accuracy, Sensitivity, and Specificity

Global accuracy is defined as the ratio between the correctly predicted values for all classes
to the total number of values, as seen in equation 2.15. Sensitivity is the ratio of true positives that
correctly identified overall positive assessments, as seen in equation 2.16 [69]. Specificity is used
to calculate the proportion of the true negatives correctly identified overall negative assessments,

as seen in equation 2.17.

Global Accuracy = % (2.15)
ey s TP

Sensitivity = p— — (2.16)

Specificity = —— 2.17)

Global Accuracy is not adequate with a class imbalanced dataset where there is a prominent
disparity between the number of negative and positive labels. To overcome this issue, the accuracy
is calculated for each class separately, and the mean accuracy is produced [70]. A sensitivity test is
used to identify the normal state of the motor correctly. This is called the ratio of true positives that
are correctly determined by the test. Whereas the specificity test is used to identify motors with
fault states correctly. It is called the proportion of true negatives, which is correctly determined by

the test [71].

2.9.3. Precision, Recall, and F1-Score

Precision is the proportion of correctly classified positive cases from the total number of
actual positive cases. Equation 2.18 shows how to calculate the precision. Recall (Like a sensitivity
test) is the ratio of normal cases that were correctly classified to all observations, as seen in equation
2.19. The F1 score is the average of both precision and recall tests. Where false positives and false
negatives were taken into account. This test is helpful if the distribution of a class is uneven. While,

if the false positives and false negatives have the exact cost, the accuracy test will work best. F-
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score will be used when a balance needs to seek a balance between precision and recall, as in

Equation 2.20.
Precision = —— (2.18)
TP + FP
recall = —— (2.19)
TP + FN
F1— Score = 2 x (Lreckston xrecall y (2.20)

precision+ recall

2.10. Python Software Environment

In this thesis, the anaconda version (4.9.2), Python version (3.8.5), and Jupyter notebook
version (6.1.4) software package are used to design the 1D CNN, LSTM, and 1D CNN + LSTM
architectures. However, the following toolboxes have been used to prepare the main program and

supported function codes.

2.10.1. Deep Learning Toolbox

There are many frameworks for deep learning in the Python environment. These libraries
allow researchers and programmers to write code efficiently. The most popular of these platforms

are TensorFlow and Keras [72].

2.10.2. TensorFlow platform (TF):

The TensorFlow framework is one of the most widely used open-source platforms for deep
learning. The TensorFlow platform was developed by Google in November 2015 and supports
deployment across CPUs and GPUs. One of the advantages of the TensorFlow platform is that it
does not require the use of a graphics processing unit (GPU). It will try to use it automatically. But
if there is more than one GPU, you must specify the operations that each GPU will execute by
writing the following code [72]:

With TensorFlow. Device ("/gpu: 1"):
# Model definition here
To install TensorFlow on anaconda, open the Anaconda prompt. And then, type the

following command: pip install TensorFlow. The last version of the TensorFlow used is 2.0.

2.10.3. Keras platform:

It is a library within the Python environment consisting of a high-level neural network written

in Python and using TensorFlow in the back-end. Keras is relatively easier than TF because it
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enables you to run quick experiments, for example, it can execute entire code with less than 15
lines of code. Also, writing Keras in Python enables it to become a particular framework to work
with. This is because the Python community has a larger community of users and supporters and is
very easy to get started with. To install Keras on anaconda, open the Anaconda prompt. And then,

type the following command: pip install Keras.

2.10.4. Graphic Processing Units (GPUs)

GPUs were built for rendering graphics. However, GPUs have grown popular for general-
purpose high-performance computing in the past ten years, including medical image processing.
Because of the enhanced programmability of these devices, along with cheap cost and good
performance, this is most likely the reason. [73].

Recently, the use of GPUs became popular for general-purpose computations that require a
highly data-parallel architecture. GPUs architecture consists of many processing cores, each of
which has many functional units, such as arithmetic logic units (ALUs). Each functional unit
includes a set of thread processors under the supervision of a shared control unit. The control unit
stimulates the thread processors to implement the same instruction on each image pixel in parallel

[74].

2.10.5. Collaborator (Colab):

Collaborator, collab, or Google Colaboratory is a cloud service for writing code in the Python
language and executing it on your computer for free. It also allows free access to GPUs and TPU
as well. The club is based on Jupyter notebook technology, which is an open-source tool that can
run locally or on the cloud. It contains multiple cells fully configured for deep learning and free
access to a powerful GPU. Colab contains essential machine-learning and artificial-intelligence
libraries, such as Keras, Matplotlib and TensorFlow. It also offers to save Jupiter notebook files on
the user's Google Drive account. Finally, the Google Colaboratory infrastructure is hosted on the

Google Cloud platform [75].
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3. MATERIAL AND METHODS

In this part, an induction motor condition monitoring system has been developed and
implemented. A microprocessor and a vibration sensor are included in this system to look for
mechanical problems that may arise in the motor, the extraction of fault data using appropriate
approaches has been used to research and examine a variety of fault types, including (stator and
bearing problems). The results revealed that the methods utilized and the vibration measuring
technology had a high probability of accurately detecting and diagnosing the majority of
mechanical faults. As a result, a diagnostic method has been created to quickly and accurately
identify the health of a motor. Two methods for the tolerance of the induction motor fault based on

the vibration signals has been included.

3.1. Cloud based bearing fault diagnosis of induction motors

It was done by taking vibration samples from the motor directly and performing the two ways
of obtaining errors, which are (bearing 1) and (bearing 2), the first includes placing one screw on
the disk connected to the motor and obtaining signals. As for the second one, it is done by placing
an additional screw in succession to the first and obtaining the error named (bearing 2), then the
data is analyzed and features are taken from it through the (FFT) and (DWT) operations, after that
applying machine learning algorithms to it, such as the (Naive Bayes), (SVM), (KNN) algorithms
and more, and comparison between them to obtain highest accuracy.

The proposed system uses the API software architectural-style to reach the cloud, on which a cloud
can retrieve the most recent data released by the IoT system. Particle Cloud is used as a connection
between the IoT framework and the client cloud, as an overview of the protocol used to reach it

data, as shown in Figure 3.1.
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Figure 3.1.The flowchart of the first application

3.1.1 Feature extraction methods

Bearing fault detection using DWT and FFT:

e Use the wavelet-transform to input to create wavelet coefficients that allow us to discern

the differences correctly.

e To better minimize noise, choose the acceptable specified threshold for each system.

e Signal analysis is used to describe physical processes and diagnose electrical machines.

e The inverse WT for the coefficients of the wavelet is used to get back to the main signal.

The estimation specifications are minimal as compared to other business instruments.

Furthermore, the DWT is included in most commercial software packages, so no sophisticated

calculations are needed. The Fourier-transform is applied when a signal is stationary, but the

vibration signal is not necessarily stationary.

By using the time window function, a Fast Fourier Transform approach is used to depict

the signal in the frequency and time domains shown in Figure 3.2.
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Figure 3.2. Bearing signal spectrum for (healthy), (bearing 1), (bearing 2) faults, and the detected fault points.

The discrete-wavelet-transform is defined as a result of these changes. Mother wavelets
come in a variety of shapes and sizes. We will talk about the best option for producing the best
outcomes. For both low pass and high pass bandwidths, the signal is separated into two
equivalent bandwidths. The high-pass band can provide the signal's minor details of the
concern, while the low pass bandwidth contains the relevant data. In order to obtain estimations
and information, a discrete-wavelet-transform (DWT) of a signal is decomposed using a low
pass filter and high pass filter in a sequential process. LP denotes the low pass filter, and HP
denotes the high pass filter. The coefficients al (estimated from the main signal) and d1 are
obtained from the first decomposition of the comprehensive shape form of the main signal.
Furthermore, decomposing a; gives two coefficients, a, and d». As seen in Figure 3.3, a> can

also result in other decomposition locations.
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Figure 3.3. Discrete wavelet process
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Fault detection is vital because stopping a device without failure will lead to a loss of sales for
the company, and failing to stop a defective device can result in more damage. Any tool created for
this reason needs to be extremely precise. Two methods are looked at in this segment. The first sees
the fractures as intermittent, high-frequency events. As a result, irregular behavior can be observed
by looking at the energy content of high-frequencies. The next one is built on resonance, which is
a mechanical phenomenon. The mechanical system is designed to resist resonance to maintain
normal behavior Figure 3.4 (a). If a bearing fails though the resonant-frequencies are more likely
to occur as high-frequency peaks in the spectrum Figure 3.4 (b) and Figure 3.4 (c) the orientation
of the frequency peaks aids in the differentiation of normal and irregular behavior.

Figure 3.4 shows the frequency domain spectrum of the vibration signal token from the induction
motor in each state (healthy, bearing1 and bearing 2) after Apply (mean) feature, and we can notice

that the signal spectrum goes smoother when the bearing fault increases during every measurement.
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Figure 3.4. Typical spectrum of vibration data after applying (mean) is featured for: (A) Healthy motor, (B)
Bearing1 fault (C) Bearing?2 fault

When the first method is used to analyze vibration data, the percentage of energy found
that the frequencies are higher when a failure happens and low when the machine is operating
normally. We performed experiments that demonstrate that a wavelet-transform (Daubechies db4)
thresholds on the standardized energy found in the frequency sub-band between 0 and 1000 Hz can
effectively discern between faulty and normal behavior in a ball bearing. The position of the

first three frequency peaks provides good results for the second method as well.

3.1.2 Data Preprocessing and normalization

Since the data set that was used is a previously processed data set, we did not implement
any of the data processing methods. We just applied the data normalization method to get data with
values between 0 and 1. Learn. Preprocessing. Standard Scaler () method from the Scikit-Learn
library was used to normalize our data. Data standardization aims to reduce all features to a common
domain between 0 and 1 and reduce the training and testing time. Learn. Preprocessing.
StandardScaler () is applied to each feature independently using Equation 3.1:

X=Xmean (3.1)

Xscaled =
scate Xstd

Where X refers to the input signal, X;;,0q, refers to the mean of the training samples, and
Xstq refers to the standard deviation of the training samples. The value of X,,,.,, €qual zero if the
with mean=False, and the value of X ;4 Equal one if the with_std=False. Figure 3.5 shows the data
normalization method that was used in this thesis. The variable in_Data: refers to the input

features.
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# Data normalization

normalized = preprocessing.StandardScaler().fit(in Data)
X_scaled = normalized.transform(in Data)
print('X_scaled=",X scaled.shape)

Figure 3.5. Data normalization method using the Scikit-Learn library.

3.1.3. Data Partitioning

At this stage, the data that we obtained through various methods of feature extraction was
divided into three sets: the first set is the training set with 70% of the total data we obtained, the
second set is the testing set with 20% of the total data, and the third set is the validation set with
10% of the total data. The train_test_split () function from the sklearn. model_selection library was
used to initially split the data into two sets (70% and 30%) for both training and testing,
respectively. Figure 3.6 shows the code used to split the data. Then the test set was divided into

(20% and 10%) for both testing and Validation.

X_train, x test, y train, y test=train test split(x, y, test size=0.3, random state=42,shuffle=True)
Figure 3.6. the code used to make training and testing sets

3.1.4. The building proposed models

This thesis uses machine learning models: KNN, SVM, and Naive Bayes models to detect motor
fault based on detecting fault vibration signals. In this section, we will review the architecture of

the models used.

3.1.5. Naive Bayes classifiers:

Are a collection of Bayes' Theorem-based categorization methods. It is a group of
algorithms rather than a single algorithm. that all operate on the same concept, namely that each

pair of characteristics identified is independent of the others.

3.1.6. Support Vector Machine:

The support vector machine algorithm's purpose is to determine an N-dimensional

hyperplane that classifies the data points in a different manner.
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Figure 3.7. Support Vector Machine

As shown in figure 3.7. There are several hyperplanes that might be used to separate the
two sets of data points. Its purpose is to determine the plane with the largest margin, that is, the
plane with the greatest distance between data points. from both classes. Maximizing the margin

distance reinforces the classification of subsequent data points.

3.1.7. K-nearest Neighbor:

K Nearest Neighbor (KNN) is an obvious method that is simple to implement. beginners
may learn this algorithm even in the early stages of their Machine Learning studies, beginners may

learn this algorithm.

3.2. A comparative Analysis of 1-D Convolutional Neural Networks for Bearing

Fault Diagnosis

This method is done by taking the famous dataset that was flown from Case Western Reserve
University (CWRU) database, so as (VMD) was applied to obtain the features where the data were
segmented and take each part separately and then recombining them as one signal, then deep
learning algorithms were applied to it via architecture 1D CNN, LSTM, and CapsuleNet several
steps in terms of training dataset selection framework and network architecture design. In this part,
the focus is on the data set used to train and test models. Next, a detailed overview of feature
extraction methods, model steps, and details of the training process are given. Figure 3.8 represent

a flowchart of the first method of study.
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Figure 3.8. The flowchart of the for Bearing Fault Diagnosis

As can be seen from the shape of the flowchart in figure 3.8, there are five steps in the
proposed method. These steps are data collection, feature extraction, feature normalization, model
building, training and testing. For signal processing, VMD is applied to each raw signal. Afterward,
these signals are aggregated to obtain the feature signal. The resulting signal is given to 1D-CNN

and faults are classified.

3.2.3. Case Western Reserve University (CWRU) Database

The proposed VMD and 1D-CNN fault diagnosis method is assessed using the well-known
Case Western Reserve University (CWRU) database, widely used for validation purposes in the
literature [28]. The approach that has been proposed has been tested on accelerometer data to drive-

end to 10 faults type with different intensities: inner race, Ball and outer race shown in Table. 3.1.
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Table 3.1. Types of Bearing Fault

Fault Label
Ball C1
Inner Race c2
Normal C3
Outer Race C4

CWRU empirical setup, shown in Figure 3.9, comprises a 1.49 kW (2HP) 3-phase
dependence electrical motor rotating a pole on which an encoder and torque energy convertor is

installed.

Fan end Drive end Torque transducer

Induction motor LLoad motor

Figure 3.9. Bearing fault simulation testbed. CWRU test bench.

Tools that are used comprise a loading motor, induction motor, and a hub connected to it.
CWRU dataset is enhanced with (1HP) operating mode at the speed of 1730 rpm and a sampling
frequency of 12-kHz.

The above-mentioned data are segmented, as shown in the technique flowchart Figure 3.8.
Data splitting with a crossover and a frame length of 10000 samples for every sub-signal constitutes
pre-processing in this situation. This duration is long enough to preserve bearing-fault
characteristics, while expanding the number of patterns, the overall number of segments per fault

increased to 48.

38



3.2.2. Fault Detection based-on variational Mode Decomposition

Signal handling is the stage of selection to deal with the issue of obtaining signals
damaged by harmonics and noise, as described above in the cutting-edge testimony. This is
especially true when vibration signals are linked to mechanical components that produce pulses
of decreased amplitude [76]. To separate these elements, signal processing methods are used.
The VMD is a member of the pliable mode decomposition series. It was undoubtedly created to
enhance the VMD and has since evolved into a selection method for nonlinear and non-
fixed data analysis for a wide range detection of applications. VMD was able to break down
complicated signals into several steady signals, which is useful. Figure 3.9 represents different

modes of the signal using VMD.
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Figure 3.10. VMD modes

As shown in Figure 3.10, different modes are obtained from original signal by using

VMD method. Each of this signal are aggregated to obtain feature signal for classification

methods.

3.2.3. 1D CNN architecture

CNNs are widely used in human activity recognition studies. 1D CNN is one of the useful

algorithms in analyzing bearing fault signals in the literature. The 1D CNN architecture proposed

in this thesis is composed of two convolutional layers. Each convolutional layer consists of 16

filters and 3 kernel sizes. The feature map size was 16 x 1 at the output of max pooling using the

VMD method. A dropout of 0.2 has been implemented to prevent overfitting
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Figure 3.11. The 1D CNN architecture is used in this thesis

Figure 3.11 shows the 1D CNN architecture proposed in this thesis.
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Table 3.2 shows the parameters of the layer using multi-classification (arousal-valence
model). Also, APPENDIX- 1 shows the main code of 1D CNN using the VMD method. And

Appendix- 2 shows the testing process for the same model

Table 3.2. The layer parameters of the 1D-CNN model VMD

VMD
Layer
Output Param
Input (None, 20,16) -
ConvlD (None, 20, 16) 64
ConvlD (None, 20, 32) 784
ConvlD (None, 20, 32) 1568
ConvlD (None, 20, 32) 3104
Max Pooling (None, 10, 32) 0
Flatten (None, 320) 0
Dense (None, 50) 16050
Dropout (None, 50) 0
Dense (None, 20) 1020
Activation (None, 20) 0
Total params 22590
Trainable params 22590

Non-trainable
params

3.2.4. LSTM architecture

LSTM networks are part of RNNs that learn patterns from time-series data. LSTM
networks are used in many applications such as speech recognition, weather forecasting, or stock
market forecasting. Also, LSTMs networks have been used extensively in classifying vibration
signals. For example, Tan et al. [77] introduced an approach based on a combination of LSTM and
CNN to detect coronary artery disease (CAD) using ECG signals. LSTM differs from RNN in
solving the vanishing gradient problem. The architecture of LSTM networks consists of several
cells and each cell consists of three gates, namely forget, input, and output gates. Each cell acts as
a memory to store, pass, or erase information. In this thesis, there are two-layer LSTM networks,

each one consisting of 16 units, with the ReLU activation function. This is followed by a Dropout
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layer of 0.1 to prevent overfitting. The next layer is flattening. The last layer named as dense layer
consists of 100 neurons and then the output layer with sigmoid activation in binary classification

and SoftMax in multi-classing.

Input layer

LSTM-1 (16 unites)
Flatten laver

LSTM-2 (16 unites)
Dense layer =100
Dense 1 or 4

Figure 3.12. The LSTM model is used in this thesis

Table 3.3 lists the parameters of all layers implemented using the SF method and multi-classing.

Table 3.3. The layer parameters of the LSTM model using VMD

VMD
Layer

Output Param

Input (None, 20, 32) -
LSTM 1 (None, 20, 32) 4352
LSTM 2 (None, 32) 8320

Dropout (None, 32) 0

Flatten (None, 32) 0
Dense (None, 100) 3300
Dense (None, 50) 5050
Dense (None, 20) 1020
Total params 22042
Trainable params 22042

Non-trainable params 0
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3.2.5. Convolutional Layers

The function of the convolutional layer includes the mode parameter of the same border,
which adds zero-padding around the input to produce the feature map of the same size as layer
output. For every layer deeper into the network, a larger kernel is used. Deeper layers extract more
class-specific and complex information, which requires a more significant number of trainable
parameters. Figures 3.12 show that the convolutional layers have kernels of sizes 3, Consequently,

the receptive-field size is (3%3x1) refers to the depth of the signal input matrix

Feature Mapsl 256x256

f;_ﬂ%—f—f“:;g 2[5
Input Image 256%256 with Hii”l—r 0 Fg r / ) g g _% %
T - 451210
.B-_f ofol4]0]-2
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212100 * 0 1] 0] = a4 1]2]
0l2]0]J0]2]0]0O 11111 1131312172
0121112121010 211141210
0jojojofjojato

Feature Maps32 256x256

Kemel#32 3x3

Figure 3.13. Feature Mapping from Input using 3x3 kernels.

As shown in figure 3.13, a kernel is a matrix of trainable weights; hence the total number
of weights depends on its size. A single kernel of size (3%3x1) in the first convolutional layer
contains 9 weights. In this convolutional layer, 32 kernels, therefore, contain 9x32 = 288 weights.
Hence, every kernel adds additional trainable weights to the neural network. The number of weights

for each convolutional layer is calculated using the equation 3.2:
No.of weights = (IF *x K x D) + B (3.2)

Where [F is the number of input features, K is the number of the kernels, D is the dimension of the

kernel, and (B) is the bias value.
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3.2.6. ReLU Activation Function Layers

Each convolutional layer in CNN is followed by a nonlinear activation function (or a
piecewise linear) function. The main objective of the activation function is to squash the real-valued
input to produce a non-linear output within a small range such as [0; 1] and [-1; 1]. After the weight
layers, a nonlinear function must be applied to enable neural networks to learn nonlinear mappings.
Stacking many weight layers is comparable to linear mapping from the input domain to the output

domain in the absence of nonlinearities. As illustrated in equation 3.3 and

x ifx>0

5 2 1 0 1 2 5

Figure 3.14. Relay activation function

Figure 3.14, the network's nonlinear activation function is a rapid and straightforward

computation activation function that maps a negative input to a 0 and leaves a positive input intact.

3.2.5. Max-Pooling Layers

A pooling layer is a type of neural network layer, which has no learnable parameters. As
in convolutional layers, the max-pooling operation needs to specify the size of the pooled region
and the stride. In the modified 1D CNN, we use a max-pooling window 2x2 with a stride of 2. It
down-samples the input features spatial size to half by selecting the maximum values within the
pooling window. The max-pooling layers make network performance invariant to the small
translations. Together with a convolutional layer, they are essential components of convolutional

neural networks.
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Figure 3.15. Max pooling layer

Figure 3.15 illustrates how an input feature 4x4 is minimized to half by using the max-pooling
function.

3.2.6. Training our models

This thesis uses Python with Jupiter notebook software packages, deep learning, and parallel
computing toolboxes to train and test the modified 1D CNN, LSTM, and hybrid 1D CNN + LSTM
models’ architecture to recognize induction motor fault using CWRU dataset. Besides, Python at
colab cloud platform. The training process included the following steps. Before training the models,
many training options were identified until we reached the options shown in Table 3.4, which are

the best options for training the proposed models.

Table 3.4. Training Options of the Modified models.

Parameter Value
Optimization Algorithm Adam
Initial Learn Rate le-7
Max Epochs 100
Min Epochs 30
Learning rate 0.001
Shuffle True
Batch size 42
metrics Accuracy
Loss function sparse_categorical_crossentropy
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3.2.7. Evaluation and Classification

The random subsampling approach ensures learning reliability; the dataset is divided into

random training / testing subsets. To guarantee more excellent dependability of predicting

outcomes, training data are separated into validation and training for the cross-validation

approach of the k-folds, as illustrated in Table 3.5. The evaluation is based on universal indicators

like accuracy and the confusion matrix.

Table 3.5. test/train cross-validation procedure

Training Data Test Data
Validation Train Train Train Train Test [ Foul
Train Validation Train Train Train Test | E;jj
Train Train Validation |  Train Train Test [y s
Train Train Train Validation Train Test  fump Fold s
Train Train Train Train Validation Test [ |
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4. EXPERIMENTAL RESULTS

In this section, we focused on the results we obtained using the modified three models. We
calculated the confusion matrix. The performance of the models is measured in terms of global F1-
score, recall, precision, sensitivity, specificity, and accuracy. Finally, we make a comparison

between the modified models and other related works.

4.1. Cloud-based bearing fault diagnosis of induction motors

Data from an actual experimental-setup was used to validate the performance of the proposed
method. An asynchronous motor with 0.37 kW provided vibration signals at various operations-

frequencies for this purpose, shown in Figure 4.1.

Figure 4.1. Experimental Setup

A disk causes the eccentricity flaw fixed to the motor shaft. A discrepancy was created by first
adding a screw to the first hole and then to the next hole in the same disc. The vibration signals
were obtained using an NI 6211 model data processing card. The sampling rate of 10 kHz has been

chosen. The parameters are given in Table 4.1.
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Table 4.1. Motor Parameters used in experiments

Parameter Value
Power 0.37 kW
Full load current 1.2 A
Supply frequency 50 Hz
Number of poles 4
Full load speed 1390 rpm
Supply voltage 380 V

For specific applications, simply detecting the fault isn't enough, it's also necessary to
pinpoint its location. A fault in a bearing can be found in one of three places, the ball, the outer
race or the inner race. As a result, the fault locating can be viewed as a classification challenge,
with each class representing one fault spot. Appropriate and accurate functionality should be
derived from the data to achieve high classification accuracy. Wavelets-based techniques are
discussed and adapted to vibration data in this article. The signals are decayed using DWT decay,
and a Bayesian classifier is used to classify them into different classes, each describing a fault set
of various types.

The next move is to choose the proper mother wavelet for DWT-based features. The best
features derived from the DWT are considered the root-mean-square (RMS) and the norm. Sym®6,
Sym5, Sym4, Db6, Db5 and Db4 are all feasible alternatives for the mother wavelet. In this

article, Db4 was applied to the database, and a perfect classification was accomplished.
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Figure 4.2. Discrete Wavelet Transform Features (Db4) for (healthy), (bearing] fault), (Bearing2 fault)
motor respectively.

Figure 4.2. Shows the classification results for different mother-wavelets extracted using the

obtained features from the Discrete Wavelet Transform of the data.
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Figure 4.3. Confusion matrix (SVM classifier)

As shown in Figure 4.3. Just five samples are misclassified. The accuracy rating was found to
be 99.9%. The classifier's efficiency was used in other machine learning systems. For this, the

Matlab Classification-Learner tool was used. Figure 4.4 displays the comparative effects.

ACCURACY RATE (%)

Figure 4.4. Different machine learning classification method

Figure 4.4. shows Linear SVM provided the best results. Another benefit of the suggested
approach is that, since the frequency is calculated from the existing signals, the frequencies linked

to the fault are automatically received.
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4.2. A comparative analysis of 1-D Convolutional Neural Network for Bearing Fault
Diagnosis
Bearing-faults detection has been accomplished with 100% precision for the operating
setting of (1HP). The recommended fault detection method succeeded as well as effective in
distinguishing healthy and balanced and malfunctioning states. The immediate result of the VMD
used as a filter eliminates the lead-in setting, which is normal to healthy and faulty states. The 1D-
CNN is used for enabling better feature removal, and fivefold cross recognition is utilized as shown

in Figure 4.5.

{ Original Data }

R A 1 A 4
‘_I

Split Data Split Data

..., Sate 1

Healthy

Diagnosis Detection

Figure 4.5. Fault reveal and diagnosis

The learning of convolution layers is also appropriately evaluated versus Methods of
machine learning that are well-known, called (CapsuleNet), which specifies the features of the
object and its likelihood, and LSTM, which is devoted to the analysis of time-series signals as well
as the ability to learn Information that is both short-term and long-term. The results that obtained

in Table 4.2. Shows clearly that 1D-CNN Attain the maximum degree of diagnostic accuracy.

Table 4.2. Accuracies of different algorithms used in this process

1D-CNN CapsuleNet LSTM

Accuracy 97.04% 96.17% 96.68%
F1_Score 97.9% 99.0% 97.0%
Precision 98.0% 98.0% 96.89%
Recall 97.8% 96.7% 96.9%
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Figure 4.6. Confusion matrix for fault diagnosis using 1D-CNN

Figure 4.6. shows the confusion matrix of 1-D CNN for fault diagnosis

Confusion Matrix
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Figure 4.7. Confusion matrix for fault diagnosis using LSTM

Figure 4.7. shows the confusion matrix of LSTM for fault diagnosis
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Figure 4.8. Confusion matrix for fault diagnosis using CapsuleNet
Figure 4.6. shows the confusion matrix of 1Capsule Networkfor fault diagnosis

The performances of fault diagnosis are also mentioned in Figures (4.6 & 4.7 & 4.8) in terms
of the confusion matrix.

4.2.3. Training Progress Plot

After defining the training options, it’s time to train the modified models using the model. Training
the networks requires four predefined parameters. Model architecture (training data: input and

output), number of epochs, number of batch size, and the value of validation_data

4

# Compiling the CNN
opt=keras.optimizers.Adam
learning rate=0.001)
model.compile (loss='sparse_categorical crossentropy', optimizer=opt, metrics=['accuracy'l])
4

# Fitting to the training set

history = model.fit(x_train,y_train,epochs=50,batch _size=42,validation data=(x_test, y_test))

Figure 4.9. Compiling and fitting 1D CNN model

The training process is done by using a Fit() function in Keras environment. This process is given
in Figure 4.9
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Figure 4.10. Training Progress Plot for the 1 D CNN model using VMD method.
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Figure 4.11. Training Progress Plot for LSTM model using VMD method.
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Figure 4.12. Training Progress Plot for CapsuleNet model using VMD method.

Figures 4.10 - 4.12 represent the training curve and the loss function curve for samples of the

models proposed in this thesis.
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S. CONCLUSION

When faulted bearings emit vibration signals, the Discrete Wavelet Transform (DWT) has been
used to detect fault features. The Fast-Fourier-Transform (FFT) is crucial in evaluating results
obtained with MATLAB-Toolbox's The use of DWT as a method for detecting fault features in
bearings is also sufficient on low-speed systems. However, it is recommended for DWT
performance. Many of these can be monitored remotely without the need to shut down the system
for repairs. As a result, this approach is recommended as an alternative technique for bearing fault

detection in real-time monitoring, especially for high-speed systems.

A distinct strategy has been suggested for detecting and diagnosing bearing fault as a
dominant mode cancellation filter. VMD was used that enhance fault detection. For the purposes
of diagnosis, a (1D-CNN) was approved. The detection and diagnosis that are proposed for bearing
faults approach were validated using the famous Case Western Reserve University experimental
dataset. Significantly, the potential of the suggested diagnostic approach to identify a given fault
with varying severity levels has been emphasized. The detection and diagnosis performance
have also been compared to pertinent state-of-the-art related approaches. On the one hand, it has
been shown that the best approach is to utilize VMD as a filter compared to traditional VMD. On
the other hand, as part of the classifying feature extraction, convolution layers (1D- CNN) have

been discovered better by comparing to LSTM.

Future research should look at the suggested VMD-based 1D-CNN technique for bearing
fault forecast utilizing LSTM. Indeed, LSTM is devoted to monitoring the time series and has a
good learning capacity of long-term and short-term relationships, which might be valuable for

prediction.
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APPENDIX- 3: THE PYTHON, MAIN CODE FOR THE 1D CNN, LSTM,
CAPSULENET MODELS USING VMD METHOD.

'pip install vmdpy

%% Simple example: generate signal with 3 compeonents + nolise
import numpy as np

import matpletlib. pyplot as plt

from wvmdpy import VMD

import pandas as pd

from sklearn Import pPreprocessing

lmport glob

import o8

import pywt

import random

from tensorflow.keras import layers

from keras.layers import LETM

import tensorflow as tf

from sklearn.metrics import accuracy Score

from zklearn.metrics import classification report

from sklearn.model selection Import train test split # Import
train_ tesat eplit function

from sklearn import metrics #Import scikit-learn metrics module for
accuracy caleculatien

from keras.medels import Segquential

from keras.layers import Activation, BatchMormalization, ConvlD,
Dense, MaxPoclinglh, Flatten, Dropout

¥. modes

v 1 = pd.read csv{'/content/drive /MyDrive/thesis
data/new data/ball lhp/lhp DE ball all.csv')

v 2 = pd.read cav{'/content/drive/MyDrive/thesis
data/new data/inner race lhp/lhp DE IR all.csv')
v_3 = pd.read cav{'/content/drive/MyDrive/thesis
data/new_data/normal lhp/normal.csv')

v 4 = pd.read cgv('/content/drive/MyDrive/thezis

diata/new datascuter race lhp/lhp DE DR-all.csw')

f =np.appendiv_3,v 4,axis=0)
f=np.appendiv_2,f,axizs=0)
f=np.appendiv_1l,f,axis=0]
print{f.shapse)
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i. some sample parameters for WMO

alpha = &i # modorate bandwidth constrainkt

tan = [. t noise-tolerance (no strict fidelity
enforcemant}

K= 20 # 20 modes

bt = 0 # no OUC part imposad

init = 1 # ipnitializo omegas uniformly

tal = la-7

#.- Bun VM
sege £[ 100007

u; u_hat, omega = WMD{meqg,

di=pd. DataFrame (u}

seg 1 = £[10000:20030]

alpha, tau,

E, DSy

imik,

tol)

wmd 1= ul, u hat, omega = YMG(seg 1, alpha, taw, ¥, DB, init, tol]

dfl=pd.DataFrama{ul}

ple.figure{figesizme={2d,5])

plotl=plt_plot{ul_ T}

seg 2 = £[20000:30000]
vmd_l: o, u_pnt, DmEga
dfd=pd._DataFrame {oZ})

sag 3 = £[3A030:40000]
vmd_3= i, u_pnt, DmEega
dfi=pd . DataFrame {ul}

seg 4 = £[400003500400]
wmd d= ud, u hat, omega
difd=pd.DataFrama{ad}
dffd=np.transpose (dEd)

seg 5 = E[EODOC:60DO0]
vmd_5= us, u_pat. DmEga
dfSopd . BataFrama {ub)
dffSonp.transponse (d£5)

seg 5 = E[EQDAL:TALO0]
vmd_E: ub, u_Pat, omeEga
dfb=pd . DataFrame (a6}

UHDﬂuug_E,

UHDﬂ:ug_E,

VMO {zeg 4.

VMG (==g S,

VMO{izeq &,
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alpha,

alpha,

alpha,

alpha,

alpha,

tano,

taua,

taa,

tau,

tag,

K,

K,

K,

K,

init,

init,

init,

imit,

init,

tol)

tol]

tmll

tol]

tol]



dffé=np. transpose (dfd)

seqg: T = £ [700D00 c80000]

wvmd T= aT, u hat, omega = YMD(=eg 7, alpha, taun, ¥, D&, init, tol]
dET=pd DataFrame {07}

df f1=np.transpose (dET)

seg B = £]BODODy20000]

wvmd E= uB; u hat, omega = ¥YMO{seg B; alpha, tau, K, [B&; init; tol]
dfE=pd.Oata¥rame {ul) -

dffid=np.transpose (dfE}

Seg 5 = F[9A00D0: 1ORO0G0])

vmd_ﬂ: a9, u_hat. DmEgJa = UHbﬂ:eg_Q, alpha, taw, K, B; init, toll
dfS=pd . DataFrame {n%S)

dffi=np.transpose (dE9)

seg 10 = £[1000AC2110000}

wmq:1ﬂ= ull, u_hat, omeEga = ﬂhbiﬂtg_lﬂ, alpha, tau, K, DC, init,
tal}

dfld=pd.DataFrame (ull})

dffl0onp. transpose {dfl0})

seq 1l = E[110D0d00:1204000)

?md:11= ull, v hat, omega = VMO{seg L1, alpha, tau, K, DC, init,
tal}

dfll=pd._DataFrame (ull)

dffll=np.transpose {df11)

sog: 12 = F[13000031303040]

vmd:12= uld; u_hat, omega = VMD({seg 13, alpha, tau, K, DZ, init,
tal}

dflZ2=pd.DataPrame [ul2})

dffl2=np.transpose {dEL12)

seg 13 = £[1300AC:2140000)

wmq:13= ull, u_hat, omEga = ﬂHbi:eg_lJ. alpha, tau, K, bc, init,
tal}

dfli=pd. DataFrame {ull}

df fl3iznp.transpose {dfl3)

seg 14 = E[140D000:150400]

?md:14= uld, v hat, omega = VMO{seg Id, alpha, tau, K, DC, init,
tal}

dfld=pd. DataFrame (uld}

dffld=np.transpose {dEl4)

seg 15 = £[150000:160000]
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vmd 153= ul5, u hat, omegs
tal}

dfl5=pd. DataFrame (ul5)
dffl5=np. transpose {df8]

seq 16 = E[160C0ACE:170000%
umd:lﬁ= ulé, u_hat, omega
Eal}

dflfi=pd. DataFrame (ul&)
dfflEanp_ transpose{dfléa)

seg 17 = E[1T7T000C:z1E0000]
vdel?: ul¥, u hat, omega
talf
diflT=pd.DataFrame (ulT)
dfflT=np.transpose{df1lT}

seg 18 = E[1ROCOC:150000]
umq:lﬂ= ulB; u_hat, omega
talj

dfld=pd. DataFrame (ulg}
dfflB=np.transpose{df18)

seg 19 = £[190000z22000040]
mm&:lﬂﬂ ula, u_hat, omega
Eal}
difli=pd.DataFrame (ul39)
dEfl8=np. transpasa{dfla)

sag 20 = E[200000=2210000])
vmd:10= ul; 4 hat, omega
tall

df20=pd. DataFrame (w20}
diffZlb=np.transpose {dE20}

seg 21 = fI210000:220004)
mmd:llr u2l, u_hat, omeEga
talj
df2]l=pd.bataFrame (2l
dEf2l=np.transpose{df21l)

seg 22 = £|[220000:230000]
vmd 22= 123, u hat, omegs
tal}
dE22=pd . DataFrame (w22}

di fZd=np.transpose {df2 2}

Uﬂutseg_lﬁ,

VMO f=eg 1E,

UHDt:tg_l?.

VMG {seg 18,

VMO i=eg 19,

UHEt:tg_Eﬂ.

WHMC iseg 21,

UHE::eg_EE,
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alpha,

alphka,

alphka,

alpha,

alpha,

alpha,

alpha,

alpha,

Eau,

cau;

Eau,

Ean;

Cau,

Eau,

Cawy

Eau,

o,

n\:;

o,

oo,

o,

b,

o,

initk,

init,

init,

init,

init,

init,

intt,

initk,



sag I3 = E[2FA000:2240000]
vmq:ljr u23; 4 hat, omega
talj
dElJtpd-bataF:nmu[u?]?
dff23cnp. transpose {df2? 3}

seq 24 = E[24000E8:2500300]
um&ZEd: uzd, u_hat. Dmega
talj

dfZd=pd. DataFrame (u2d)
dff2d=np.transpose{df2d)

seq 25 = £[250000:2E60000]
mmd_lﬁﬂ u25,; u_hntl| omBga
calj

dfZ5=pd. DataFrame (u25)
dEf25=np. transpose {df25)

seg 26 = E[2600002270000]
wymd 2&= wlE, 41 hat, omega
tal}

df2é=pd. DataPFrame (u2d)
dff2é=np. transpose {df2 &)

seq 27 = E[270400CE:280300]
um&Zﬂ?: udd, u_hat. Dmega
talj

df2T=pd. DataFrame (udT)
dff2T=np.transpose {df27)

seq 28 = £[2EADOC:2300040]
mm&:lﬂﬂ url, u_hntl| omBga
Eal}

dfZ8=pd. DataFrame (U2B)
dff2E=np.transposa {df28)

sgg 29 = E[250000:330000]
vm&ZEﬂ: ud¥, u hat, omegs
tall

df29=pd. DataPFrame (u29)

df f2%=np.transpose {df29)

seq 30 = £J[A0A0A0:310400]
wmd_lﬂ: ail, u_hat, omega
talf

dfid=pd. DataFrames (ud0)
dffil=np. transpose {dE£30;

UHbt:tg_E].

UHBﬂﬂtg_Edr

VMO {segq 25,

UHbt:tg_EE.

UHBﬂﬂtg_ETr

VMO (seq 28,

UHDﬂzng_EE,

UHDﬂsﬂg_B&.
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alpha,

alpha,

alpha,

alpha,

alpha,

alpha,

alpha,

alpha,

Eat,

Eau,

tau,

Eat,

Eau,

tau,

Eau,

tau,

B,

B,

B,

B,

L

o,

b,

o,

b,

nc,

b,

imnit,

init,

init;

imnit,

init,

init;

init,

init,



sag 31 = E[3100001320003]
?mq:Elw uldl, u_hat, omega
tal}
dfXl=pd.DataFrame (ull)
difilonp.transpose {df3l)

seq 32 = £[IFA0AL=330000]
vmq:12= uil, 4 _hat, omega
Eal}

df32=pd. DataFrame (ui2)
dffilonp.transpose {df312)

sag 33 = E[330000:3400200)
vmd 33= 1wii;, o hat, omega
tal}

df33=pd. DataFrame (uil)
dffiienp.transpose {dE£33)

spg 34 = E[I4ABAD1350003]
?md:Edw 1id, u_hat. omeEga
tal}

dEid=pd. DataFrame (nid)
dffidonp.transpose {dfid;

seq 35 = £[IZ0000: FE0000]
vmd 35= uwi5; 4 hat, omega
talf

dfii=pd. DataFrame (ui5)
dffifonp.transpose {2£315)

sog 36 = E[IC0000:370000])
wmd 3= ui6, o hat, omega
tal}

dfifi=pd. DataFrame (ul&)
dffiéonp.transposa {dEJ&)

seg 37 = E[ITODDD:ZE0000]
vmﬁZ!?w uidT; u hat, omega
Eol}
df3iT=pd.DataFrame (uiT)
dffiT=np.transpose {ZE£ITH

seqg 38 = E|[IEI0O0:Z30000]
vmd 38= uviB, v hat, omega
talf

dfid=pd. DataFrame (uig)
dffiE=np.transposa {dfig)

YMOiseg 31,

UHDt:eg_iE.

VMD(meg 33,

UMD{Htg_]d,

UHEt:cg_iE.

UHD#:tg_]E,

YMO{meg 37,

UMDﬂuug_BE,
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Eau,

Eaua,

Ean,

A,

Eau,

Ean;

Eau,

tau,

Bl.

Bl.

DCJ

b,

b,

o,

b,

Dz,
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init,

init,

init,

itnit,

init,

init,

tnit,
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seg 39 = E[3200Q0430000)
vmd:3ﬂ= ull3; u _hat, omega
tal}

df 38=pd. DataFrame (ul9)

df fi%=np.transpose {d£f39)

seg 40 = E[A00DAOCx410000]
umd:1ﬂ= edl,; u_hat, omega
talf

dfdl=pd. DataFrame (udd})
difdl=np.transpose{dE£d40)

seg 41 = E[4100001920000]
vmd:dl= vdl, o hat, omegs
talj
dfdl=pd.bDataFrame (udLl})
dffdl=np.transposa {dfdl}

seq 42 = E[420000 430300
wmd d42= udi, u

talj

dfd2=pd. bataFrame (udZ)
difddenp.transpose {dfd2)

hat, omega

seg 43 = £[L30000=4 40000
umd:djf a4l u_hat. omega
tall)

dfdi=pd. bataFrame (ud3)
difili=np.transposa {dfd3)

zmg 44 = E[L440000:24500040]
1.n1'd:d-ﬂ= vdd, o _hat, omegs
tol}

didi=pd. DataFrame (udd)
dffddrnp.transposa {dfdd}

spg 45 = E[450000 4 EQDOO]
vmd:di= ud5; u_hat, omega
ol

dfdS=pd. DataFrame {ud5)
dff4S=np.transpaosa {dfd5)

seg 46 = E[L4G0000:470000])
vmd d6= wdE, u hat, omega
Eal}

dfdfi=pd. bataFrame (udé)

?Hbtﬂtg_JE,

Y {seg 40,

UHEiseg_dl.

?Hbiseg_lip

UHDdseg_li.

VMO (saeg 44,

VMO isaeg 45,

?Hbﬂstg_lﬁ.
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alpha,

alpha,

alpha,

alpha,

alpha,

alpha,

alpha,

alpha,

Ea

cau

Eawuy

E&ag

Cau,

Eau,

=F.} L

Ea

E.

B,

K

K,

B,

B

B,

b,

e,

o,

2,

o,

be,

b,

b,

init,

init,

anity

init,

init,

inity

init,

init,



dffdéonp.transpose {dfdd)

seg 47 = E[4T000A0: 480000

vmd_d?w udT, u_hat, omega = UMDiatg_l?. alpha, taun, K, DC, init,
tall

dfdV=pd.DataFrame (ud7T)

dffdTenp.transpose {dE4T)

#. Visualize decomposed modos
ple:figure (Eigsize={20, 10}]
ple.subplot{Z, 1L}
ple.plot{£]
ple.eitle['Original signal®})
plt.xlabel |{"time [=) ")
ple.subplob(2,1;2})
plt.plot{u.T)
ple.title [ 'Decomposed mcdes')
ple.xlabel {("tima (=) ")
ple.legend|["Mode id'*n;i For n;i in range(o.shape[D])1]1])
pleb.tight layouti}

df all=np.append{dffdf,dffd?; axi==i}
df all=np.append{dffdi,df all,anis=0]
dE_nll:np_nppundidffdd,df_alL.ani::ﬂ
df all=np.append{dfi4l,df all,axis=0]
dE_all:np-1ppmnd1dff¢2,df_all,ani::ﬂj
df all=nop.append{dffdl,df all,axis=i
df all=np.append{dffdd,df all,axis=01]
df_all=np-appund1d££39,df_all,axi::hl
df_nllnnp_nppundidffjﬂ,df_all,uni::ﬂ
df all=rp_append{dff37,df all,axis=]
df_;llﬁnp_appundidffjﬁ,df_alL.uuL::El
dE_nllnnp_appundidffjﬁ,df_all,anis:“]
df all=np.append{dff3d,df all,axis=0]
df_gll=np-appund1df533,df_all,axis:ﬂ]
df all=np.append{dif3d,df all,axis=0
df all=np.append{dffil,df esll,axis={1]
dE_all:np_appundqdffjﬂ,df_all,ax;::ll
df all=np.appand{dff23,df sll,anis={
dE_all:np-appund{dffEﬂ,df_all,aui::ﬂ
df_;llﬂnp_appﬂndidffi?,df_alL.uuL::“l
df all=np.append{dff2E,df all,anis=0]
df_pllﬂnp-npp:nd{dffiﬁ,dE_ali,axL::El
df_pll:np_appundidffﬂd,df_all,axiscﬂ]
df asll=np.appernd{dff23,df all,axis={d]
df_gllnnp-appundidffiﬂ,df_nll,uni::ﬂj
df all=np.append{dff2]l,af all,axis=0]
df all=np.append{dff2d,df all,anis=0]
dE_nll:np-nppundidffLE,df_alL.ani::ﬂ
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df_gll=np-appund1dffiﬂ,df_all,axlscﬂ]
df_all:np-nppundidffl?,df_alL,axi::ﬂl
df_pllnnp-appundidfflE,df_all,uni::ﬂj
dE_all=np-appund1d£f‘5,df_all,ax1:=3|
df_allﬂnp-appﬂndidffld,ﬂf_alL.ux;::E
df_nll:np-appundidffl],df_alL.ani::ﬂ
df_pllﬂnp-npp:nd{dfflﬂ,df_ali,axx::ﬂl
dE_nll:np-nppundidffll,df_all,ani::"j
df_all:np-nppundldfflﬂ,df_alL,axi::El
df_gll=np-appund1dff9.df_gll,axi:rﬂﬁ
df_all=np-appund1d£f&,df_gll,a:is:ﬁﬁ
df all=np.append{dffT,df all,axis={}
df_nll:np-appundldffﬁ,df_gll,a:isfﬂﬁ
df_allﬂnp-nppﬂndidffﬁ,df_gll,a:isfﬂﬁ
df_nll:np-appundidffi,df_gll,a:isfﬂﬁ
df_pllﬂnp-npp:nd{dffjfdf_gll,n:is:ﬂﬁ
dE_nll:np-appundidffE,df_gll,u:i::ﬂﬁ
df_all:np-appundldffl,di_gll,a:i5=ﬁh
df_gll=np-appund1dff,df_all,aui::ﬂ]
df all.shape

ddfpd-ﬁatanamﬁtdE_alll

# normalire the data attributes

normalized = prup:ncn::ing-EtnndardEnale:1}-fitqdf_nllb
ﬂ_::alﬂd = nnrmalized-cran:inrnﬂdf_pllb
print['h_::aledf'.x_ncalzd-:hnpa]

w=pd.DataFrame (X scaled)
H_::alad:[l

# melect imput (X} and ootput [(y] wariables
filePath= '"frcantent/drive/Hybrive/thesis
dataincu_dntn!uutput_yzu_Efball'
rcnd_filea: glob _glob{os_path.join|{filePath,™® . csw™] |
np_array=|]
far files in read files:

filesBata= F-:I.rca.:l_::vlf:'r.ln:J headaer=0C}

¥ G1 = file=sData

np array.append(y Gl]
merge valuesnp.vstack({np array)
yGl=pd.Dataframe {merge walue]
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filePathi¥= * focontentSdrive/MyDbrive/thesis
data!neu_datafnutput_yuﬂ_ifinner'
read filesd= glob.glob[ocs.path. Jjoin{filePathZ,"* . cauv™] |
np_a?rnyi:[]
for files in read Files2:

filesDatalZe pE.Ezad_E:vdfiIEH, headee=0)

F G2 = filesDataZ

np arrayd  append [y E2)
marge valusl=np.vstacknp arrayl]
yE2=pd. DataFPrame {mecge walusez)

filmPath3i= * fconteantfdrive/Mylirive/thesis
data/new datafoubtpit vad 2 /normal’
read files3= glob.glokblcs.path.join{filefathd, ** cav™)}
np arcayi={]
fu; files in Tead filesl:
filesfatald= pd.read csvi{files; header=il])
¥ G3 = filesData3d

mp arrayi_appand [y G3)
merge valueld=np.wstacklnp_arcrayil

yEi=pd. Dataframe {morcge wvalue3d)

filePathd= * fcontentfdrive/HMyDrivesthesis
datafn&w_dntnfnutput_vﬂa_zfautn:'
rpad filesd= glob.globlos.path.join{fileFathd, " cav®] |
np_arrnydf[]
for files in read file=sd:
Fileshiatad= pd-rtnd_::wdfiluﬂ, header=0)
¥ G4 = FilesDatad
rp_arrayd.append [y G4
merge valusd=np.vstackinp_acrayd]
yEdopd . Datalframe {mecge waluad)

whllCh=np.append{y&Ed, yid, axi=s=0)
phllCh=np.append {52, yAlLCh, anis=1]
vhllCh=np.append{y35l, y&l1lCh, anis=1]
wrehl 1Ch

print [yk
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# Bplit datmsest into training set pnd test set
#_traim, x_test; ¥y train, y test = train ktest spliti{x, ¥,

tz:t_si:txﬁ.lr rnndau;statnTAE,shuffln:T:uu]

p:inttf'k_t:=1n shapa im Ix_trnin_shapc]'}
p:LnH(f‘H_tn:t shape is {x_te:t.:hape]'}
print (f'y btrain shape is (¥ train_shaps]'}
prink(f'y test shape is |y test.shape]t)

x_truin:np.arrnyix_trainj

J_tu:tﬂnp.arraj[x_tn:tj

t Roshaping ¥ train for afficiont modelling
x_train = np.:t:hape[x_;rninJ [x_trnin.shapi[D],z_train-:hnpeilt,lh]

x_tu:t = np.rushnpﬂﬂ:_:cst, Ix_tn:t.shapa[ﬂj.x_tu:t.shapu[lt,Lﬁ]

d CHH model

from tensorflow import kercas

madel = Sequentiald)

model.add (ConwlD|filters=16, kernal =size=3, strides=l,
input_shapenqiﬁ,lb. activation='reliu’, padding=‘'mame')}
model .add (CormvlD{filters=154, kurnul_niaunl, stridessl,
activation="relu', padding='sama‘"}]

model . add (ConwlD{filters=32, karnel size=1, stridessl,
activation="relu'; padding='sana®}]

model .add (Convlb{filcers=32, karnuL_:ize:i, stridea=ml,
activation="relu'; padding='=mam="})]
mndul.addtﬂnxPnulingiD[pnul_:izq:?, strides=2 |1

model . add (Flatten (]}

madel _add (Dense (50, activation='Tela® })

model . add (Oropout (0,01 §

madel.add (Dense (I0] )

model .add (Rctivation['scftmax'])

print (model . summary (]}

# Compiling the CHN

ocpt=keras. optimizers Adam{ learning rates=D, D01}
oodel.complle(loss="'sparse categorical crossentropy', optimizer=opt,
matrics=["accuracy']]

# Pitting to the training set

history = model.fit{x train, y train, epochs=1d,

batch siza=fd,validation data=(x test, y test), shuffla=Trus}

Model Loss,; Modellccuracy = mndul-evniuatu{x_tust. y_tnsth
print('Test Loss is (]".,format (Modelloss})
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print('Test Rocouracy is (| *.format {Modelhccurcacy } |

# LETH Hodel

madel = Sequentiald})

i First LATHM layer with Dropout regularisation
madel. add (LETM{uniks=12, agtivation="relu'; return seguences=Trus;
input_:hnpexlx_train-:hape!LE,L#]h

t Sacond LSTM layar

madel . add (LE3TM{unies=312, activaticn="relu'})
model . add (Bropout (D. L) ]

# The oubtput layer

model .add (Dense (units=100, activation="relu’}]
madel . add (Denae (units=51,; activation='relu")}
madal . add (Dense (unites=2J3, activation='softmax'})
print {model . summacy () )

# Capsulebet Model
def Capsﬂettinput_shnpu, n_i:]'.a.u::J rontingsh:

x = layers.Input (shape=input shape)

¥ Layer 1r.Just a conventional tonwi2d layer
conovl = layers.Conv2f[filters=25E, kcrnlL_:irn:?. strides=l1,

padding="valid"'; activation="relu'; name="conwl'} {x)

¥ Layer 2r Conw2D layer with “sguash’™ activation, then reshapa ko
[Mons, num capsule, dim capsule]
primarycaps = Frimarylapiconvl, dim capsule=f; o channels=32,

kernel size=53; strides=2, padding=‘walid"]

F Layer Jr: Capsnlo Layar. Houting -algorithm works hare.

digitoaps = Capsulelayer{num capsule=n_class, dim capsule=lE,
rouvtings=rouktings;

name="digitoaps') (primarycaps]

F Layer dr This is an auxiliary layer to replace sech capsulae
with its length. Jost o match the true label's shapae.

¥ 1f vsing benaorflow, this will pot be nocassarcy. 2]

out caps = Length [name="capsnet®) (digitcapa}

F Decoder network.

y = layers.Inpotk {shape=[n class,}]

mn:kuﬂ_hy_y = Hn:tﬂjd!ﬁiqztnup:, ¥l ¥ The trues label ix used to
mask the outpok of capaule layer. For training

masked = Mask|| {digitcaps] ¥ Mansk using the capsule with maximal
langth. For prediction

F Shared Deacoder model in training and prediction
decoder = models. Seguential (name="decodar']
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