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ABSTRACT

Industrial robots have long been used in production systems in order to improve
productivity, quality and safety in automated manufacturing processes. There are
significantimplications for operator safety itne& event of a robot malfuncticor failure,

and an unforeseen robot stoppagdgee to different reasonbas the potential to cause an
interruption in the entire production line, resulting in economic and productioasloss
Condition monitoring (CM) is a type of maintenance inspection technique by which an
operational asset is monitored and the data obtained is analysed to detect signs of
degradation, diagnose theusas of faults and thus redut&intenance costs. Sthe main
focusof this researclhs to design and develop anlioe, intelligent CM system based on
wireless embedded technology to detect and diagnose the most common faults in the
transmission systems (gears and bearings) of the industrial robot ysintg vibration

signal analysis.

To this end an old, but operational, PUMA 560 robot was utilized to synthesize a number
of different transmission faulis one of the joints (3 elbow), such as backlash between

the gear pair, gear tooth and bearing faul two-stage condition monitoring algorithis
proposed for robot health assessment, incorporating fault detection and fault diagnosis.
Signal processing techniques play a significant role in building any condition monitoring
system, in order taletermire fault-symptom relationships, andetect abnormalitiesn

robot healthFaultdetection stage is based on thh@main signal analysis aradstatistical

control chart (SCC) techniqu€&or accurate fault diagnosis in tsecondstage, a novel
implementatiorof a timefrequency signal analysis technique based onligarete wavelet
transform (DWT) is adopted. In this technique, vibration signalsli@cemposed into eight
levels of wavelet coefficients and statistical features, such as standard deviatiosiskur
and skewness, are obtainateach level and analysed extract the most salient feature
related to faults; the artificial neural network (ANN) is then used for fault classific#tion

data acquisition systerbased on National InstrumeniNI) software and hardware was
initially developed for preliminary robot vibration analysis and feature extraction. The
transmission faultsnducedin the robot can change the captured vibration spectrathand
robos natural frequencies were establhesing experimental modal analysis, and also
the fundamental fault frequencies for the gear transmission and bearings were obtained and

utilized for preliminary robot condition monitoring.

In addition to simulation of different levels of backlash fagétar tooth and bearing faults

which have not been previously investigatedinidustrial robots, with several levels of
[



severity were successfully simulated and detected in the éobot jtransmmssion.The
vibration featuregxtracted which are related to the robot healthy state and different fault
types, using the data acquisition systemre subsequently used in building the SCC and
ANN, which weretrained using part of the measured data set that espseshe robot
operating rangeAnother set of data, not used within the training stage, thenutilized

for validation. Theresults indicate the successful detection and diagnosis of faults using the
key extracted parameters. A wireless embedded system basedheorZigBee
communicabn protocolwasdesigned fothe application othe proposed CM algorithm in
reattime, using an Arduino DUE abe core of the wireless sensor unit attached on the
robot arm.A Texas Instruments digital signal processor (TMS320C6713 DSK boasl)
used a the base station of the wireless system on which the &rafantlt diagnosis
algorithmis run To implementthe two stages of the proposed CM algorithm on the
designed embedded system, software basetheC programming language has been
developed. Todemonstrate the reliability of the designed wireless CM system,
experimental validations/ere performed, antigh reliability was shownin the detection

and diagnosisf several seeded faults in the robot.

Optimistically, the established wireless embeddgdtemcould be envisaged for fault
detection and diagnostics on any type of rotating magchiitt the monitoring system
realized using vibration signal analysis. Furthermore, with some modifisatiorihe
systend sardware and softwarelifferent CM tehniquessuch as acoustic emission (AE)
analysisor motor current signature analysis (MCSA), can be applied.

KEYWORDS: Condition monitoring, Industrial robot fault detection and diagnosis,
Experimental modal analysis, Embedded system, Wireless, Vibratgmal analysis,

Wavelet transform, Statistical control chart, Artificial neural network.
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CHAPTER 1

INTRODUCTION

This chapteprovidesthe backgroundo the research presented in this thasid outlines
the motivation for and the rationalbéehindthe study The main purposes dhe different
maintenance strategiesvailable are describednd ©ndition monitoring techniqueis
discussed in detaiand its main stepsare explained Finally, the research aims and

objectives arstatedand the structuref the thesiss briefly described.

1.1 Background to Industrial Robotics

The robotinstitute of America (RIA) has defined the industrial roboa aspogrammable
multifunctional manipulatodesigned to move material, parts, tools, or specialized devices
through variablgorogrammed motions for the performance of a variety of tg&enget

al., 2003. The mechanical structure of a standard industrial robot is compbsetnber

of links and joints. Links are the main bodies that make the mechanism and are connected
to each other by joint3.he kinematic chain of the robist defined bythe configuration of

links and joints. The number of joints identifies the numbemahipulated degrees of
freedom (DOF) of a robot. The most common configuration of industrial robots is the six
DOF with serial kinematics and revolute joindgnotingthat links are connected in series

through joints allowing for rotational movements.

Industrial robots arenow commonly usedn production systems in order to improve
productivity, quality and safety iautomatedmanufacturingproceses Many functions

can be carried out by industrial robots and they represent the basic building bloaks of th
production sector. Recent developments involve using robots cooperatively with
production line operatives, and they are now routinely used in healthcare, nuclear plants,
and other hazardous environments. Regardless of applicdtiere are significant
implications for operator safety in the event of a robot malfunction or failure, and the
consequendowntime has a significant impact on productivity in manufacturing.

demonstratedby the applicationshownin Figure 1.1, an unfeiseen robot st@agedue



to differentreasos has thepotentialto causeaninterruptionin the entire production line
resultingin economicand productionlosses Availability and maintainability, which can
be defined as therpbability of a systenoperding satisfactorilyin anytime periodandits
capability of being repairedare thereforecritical for industrial robots.Automated
supervision of the robot system desirable aghis can increaseobot availability and
maintainability andreduce operator effort. Currently, there arefew commercially
available solutions that allow féihe automated monitoring adhe mechaical components

of the robotthusthe ability to continuously monitor the status and condition of robots has
becomean important researchtopic in recent years and is noveaeiving considerable
attention.This isthe main focus of thpresentstudy. Additionally, advances in the fields
of electronics and micrelectromechanical technologies, where miniaturized and- high
precision sensors anembedded processoase readily available at affordable prices, has
led to rapid developments in the areas of mechanical systems and process moNbboring.
surprisingly the attention of the rese&r community has shifted ttmcus on buding

remote and automated condition monitor{@M) solutions with lower number of sensors.

Robots doinga pick and place job Robots in the carmanufacturing factory

Figure 1.1: Examples of industrial robot applications[http://www.gizmag.com;

http://singularityhub.com]

1.2 Industrial Robot Faults

The termfault is generally understood to mean an unpermitted variation of one or more
characteristic features ad systemaway from the normal, reasonable, and standard
behaviourlsermann, 2005 There are twdypes offault that mayoccurin machine plant
systemsThese can be categorizedterms oftheir behaviour over time, and by their way
they affect the systerfisermann, 2005 The first type is classified as an abrupt fault
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which is a fault that occurs versuddenlyin the systemThis is difficult to predict and
affects the operation of the systemmmediately as for example, witha power supy
drop. The second type is intermittent faults. These are falicsh affect the system at
certain time interval, and include incipient faultshich occur gradually over tim&his
fault type can be considered to ha additive fault which is effectivelyadded to the
pl ant 6s i n paits parameterskhese faudtsncgnebe diagnosed befargcal
degradation takes plactherefore, the interesh this thesis is limited to monitorg the

second category of faults.

Joints in industrial robot areommonly actuated by electrical motors. The permanent
magnet servomotors are a popular choice to produce the driving force to move the robot
joints because of their easy operation and high power density and perforfiHahoe,

2004. In general, servomotors are electromechanical components, viddecan be
originated from electrical, mechanical and from other external reasons. MecHauoltsl
sources are bearing failures, movement in winding, and rotor eccentititng others

For the electrical faults, overheating, overloading, or short circuit will isereae
resistance of components or break the wires. These lead to decrease of rotor output power

and extra power loss.

Also, in order to transform the nar powerto therobot joints, mechanical reduction
gearsin the transmission system are ustlde power isthentransmitted from the input to
the output shaft through the gear contacts and niémlvever the mainfault mechanisms
that may appear in th@int gearboxare basicallythe same athat arisingin the other
types of gearboxesThe most commormgear tooth failure types are scuffing, cracking,
macro and micro pitting, wear, bending fatigdgcture due to overloads well as
backlash between mating teeffypically gear faults initiate at a local point on the tooth
surfaceand then progreamtil theylead togear wheel fracturéMoreover,since gears are
normally supportedon rolling element bearingdaults inthesebearings, such as wer
the inner or outer raceepresent another typical type of faulisthe gear transmission.
Dueto the mportance othe moving partén the robot, the focus in this thesis will be on

monitoring faults in gears and bearingsaof r obot 6 s gear transmi ssi

1.3 Overview of Maintenance $rategies

Maintenancean bedefined as the combination of all technical and administrative actions,

including supervisory actions, intended to retain an item in, or restore it to, a state in
3



which it can perform a required functigiSO, 14224:2004 It is performed to keep
equipment and systesrrunning efficiently for at leashe design life of the components.
Maintenance strategies can be divided into four different ty@redhar, 2004 as shown

in Figure 1.2 as described belaw

On-line failure | Condition-based
Fix it when it fails maintenance based on known condition

Breakdown maintenance Predictive maintenance
% ~
f Each one determines
the maintenance plan
s R

X . Proactive maintenance
Preventive maintenance =

Design out
Identify and design out root cause of failures

Fixed time
Maintenance based on calender or runtime hours

Figure 1.2: Maintenance strategieq Girdhar, 2004]

1 Breakdown or run-to-failure maintenance: This is the oldesform of maintenance,
and its basic idea is to allothe mahineto rununtil it fails, and therconduct repairs
This is a good approach for machingsen downtime is not important andioes not
have anysignificanteffect onthe production processlhis method carbe associated
with a high risk of catastrophic failure, unexpected shutdown, and high labour and
maintenance costs. Additionally, it increakeslth,safety and environmentaisks

i1 Preventive or time-based maintenance:This is a set of scheduled maintenance
activities thatare performed on machines at predetermined imegvalsregardless of
their conditionin order to prevenany deterioration in their operating conditions. This
technique is suitable for machines which do not run continuodshyever, timebased
mainterance always requires parts in good conditmbe replacedlong with thosen
a deteriorated conditianThis may triple the costinvolved the cost of the parts
themselves, the maintenance cost, and the downtime needed to replace those parts.

1 Predictive or condition-based maintenance:This is a set of activities whiclare
performedonly when a functional failure is identified. This approach depends on
continuous monitoring of changes ihe physical condition of equipment (signs of
failure) in order to maximizés service life without increasing thiesk of failure.

4



1 Proactive or prevention maintenance: This maintenance philosophy relies on
connecting all failures to their root cassé is also called root cause failure analysis
(RCFA) as it uncovers the latent causes of any undesirable event mattténe.
Therefore, additional efforts are requiredttmroughlyinvestigate the cause of the
failure and to determine appropriate approaches to improve the reliability of the
machine and preventpotential prbblems from occurringrepeatedly The main
disadvantage ofproactive maintenance is that knowledgeable and -tnaiied

personnehre required along with throcuement of specialized equipment.

1.4 Background to Condition-BasedM onitoring (Maintenance)

Condition monitoring{CM) was first developed for the American nuclear industry in the
1960s[Wild, 1994. It is termed ohne CM when itrunsconcurrently during the normal
operation of the system., iowever, the system needs to be run in a particodamer, it

is called offine CM. On or off-ine CM can be defined as a type of maintenance
inspection where an operational asset is monitored and the data obtained is then analysed
to detect signs of degradation, diagnose the causes of faults, and also predict how long it
can be safelyroeconomically rurjBeebe, 2004 The basis oCM is illustrated inFigure
1.3below.

Parameter value
corresponding to wearout e

FPredicted

Parameter values @
trond ..

from tests

Value showing
Repeatability  significant
band change ...

Parameter of machine condition

— -—
. . -

Time in service {or duty cycles)

Figure 1.3: The principle of condition monitoring [Beebe, 2004

The philosophyeflected bythe above figurés thatsuitable parameteneed to be chosen
which can be used as metrics to provide good and reliable indicators of the internal
condition ofthe system and its key components. Periodic measurements are taken at

appropriate time intervals to establish whether or not these parameters remain within the
5



repeatability band. The values of parameters will tend to lie outside the repeatability band
as system performance becomes degdaderentually leading to a fault occurring, and
thus the state of the system can be established.
However, various monitoring techniques can be used to establish the status of a machine,
including vibration, acoustic emissi, wear particles, and thermal monitoring. One or
more of these methods can be applied depending on the machmeality and
importance.CM is very important fordifferent types of electrical and mechanical
machinery and equipment, and can provide many advargagksas

1. Improved safety antheavoidance olunexpected catastrophic breakdown
Improved reliability.
Improved product quality.

Increasedperationamachine life.

o bk~ 0N

Increagd machine productivity.

6. Reduced maintenance costs.
A general overview ofcM is shown in kjure 1.4 [Marwala, 2012 It is essential to
employ appropriate senserwith data capturing devis¢o gather data from the system.
Examples of these devices include accelerometers, strain gauges and microphatmes
analysis is carried out usimtifferent signal processing techniqués exampleempirical
mode decompositio(EMD), or waveletor Fourier transformswith which to analyse the

data obtainefMarwala, 2012
Condition
diagnosis

Figure 1.4: The procedure of the condition monitoring procesg$Marwala, 2017

Data acquisition Data analysis Feature . .
( device )-}[ device )"( eraction ™| Deson making fump

A specific feature extractionprocess is used to deteoformation about the machine
Moreover, the features in the previous step wilirderpreted in the next stageefudsion
making process)In this sgage many artificial intelligencéechniques such as neural
network or fuzzy logiccan be employefiMarwala, 2012 Once a decision is made, fault
diagnosis isompletedn the final step.

The prediction of the state of health of a machine or structure represents the main aim of
condition monitoring. There are five steps that can be used sthmeation proceduras
shownin Figure 1.5 [Marwala, 2012 The first step is the detectiami whether or not

thereis a fault in the machineAfter that, the nature of the fault is defined using fault
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classification techniques. The third step is appliedi¢terminethe exact location o&
fault, and therthe dgree ofseriousness dhe faultidentifiedin the fourth step. The final
stage inthe fault estimation procedure the predition of theremaining useful life othe
machine, which is the most inaccurate part of the prodassbe, 2004 These are the
ideal steps, buhe exact procedure usdeépends on thspecificrequirements and nature

of the system concerned

. Fault Fault Remaing life
(Faultdetectlon) (classflcatlon)#(lzau'tlocanon)#(%antlflcatlon # estimation

Figure 1.5: Machine state estimation[Marwala, 2017

1.5Challenges

Let us imagine that a six degree of freedom robot working in a fairteoyved incar or
aircraft manufacturingas illustrated in igure 1.1 The main job of this robot may he
manipulate a work piece, carrying a tool,performspot welding or rivetingperformed

on the car or aircraft structure at different locations and at fixed time intervals. Normally,
suchwork is performedn a continuousor point-to-point (intermittent) cycle according to

a program stored in its control urlitere the robot arrthat holds the toolvill move along

the desired path, waiting at predefined points for the programmed operation to be achieved
by the tool.Having finished the cycle, the robot returns to its initial position, and at the
subsequent start signal it repettie whole series of movementsis repetitive operation

has to be accomplished precisely and reliably over time. So, when thieisolist
installed it will doits job accurately and meticulously, but after a period of time the
robod performance might degrade. The main causes of degradation in its performance
may be because of wear in the ropob i nt 6 s } ar anreleatmialsfault iro the

motorswhich are fixed iside the robot joint&s discussed in Section 1.2)

Robotarmsexhibit very complex dynamibehaviouy and different defects cafffect this
behaviour Also, their motion is completely differeffitom that of rotating machins (or
other continuously moving machines), for which the majaitpresent CMsystems have
been designedHowever, in order for the robot tmwmpletethe scenariodescribed earlier,
each joint in the robot body will move different angularspeeds (and accelerations),

needing different torques, and rotatiagdifferent angles. When this moti@compared

7



with that of rotating maching it can be noticed that the latter move at continuemcs
fixed speed, while the formérmovement is digeteand varying over timeContinuously
rotating machinesemit continuoussignals during theioperation Therefore, theCM
system will berelatively easy to implement as long as there is a continuous signal during
any time period. On the other hand, the sigeastted from the robét snechanical or
electrical parts will be transity and last for a very short time. Consequently, the
challenge here ikow to design a reliable and intellige@iM system to be able to deal
correctly with the transiry and nonrstationary nature of the robot signals for accurate
fault detection and diagnosiSherefore the signak captured and featurestracted have

to be analysedand classifiedin an appropriate wayto provide an unambiguous
identificationof a faultyrobot part before a catastrophic failure oscur

1.6 Aims and Objectives

The majorityof the previousesearchon industrial robots health monitorimngfocusedon

offline monitoring ofa limited numbebf faults, such as backlash in gefifsendafilova

and Van Brussel, 2003.ima et al, 2011 Slamani and Bonev, 20],3but does not
diagnose the other gear and bearing faults, such as gear tooth and inner (or outer) race
bearing faults. Thus, the main aim of this research is to design and devaojinanand
intelligent condition monitoring system based on wireless embedded technology to detect
and diagnosein addition to backlash faultdhe most common faults that could be
progressed in the transmission systégesars and bearingsf industrial robot joits. In

the context of this researcimteélligence meanthe ability to automatically acquirsignals,
processthem, extract features, detect the fault and diagnose it anddityglayingthe

result to the operatof.o achieve this, the following objectivhave been identified:

1 To undertake a critical review of recent and past research in the area of condition
monitoring and fault diagnosis, with an emphasisthar application to industrial
robots. To evaluate the performance of commonly utilized diagodsthniques in
terms of their suitabty for robot fault detection, andientify the recent developments
in the use oémbedded systems in theld of condition monitoring.

1 To identify and diagnosehe most common faulteccurringin industrial robas by
using conventional condition monitoring techniques.

1 To select appropriate signal processing and feature extraction techniques to deal with

thenonstationary nature of the signdiem the robat
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1 To perform frequency responseutiction (FRF)analysesin order to establishthe
dynamic characteristics of tmebotusedin this study.

1 To designa data acquisitiorsystem signal analysis, and feature extraction software
based on the selected signal processing and feature extraction techniques.

1 To developanexperimental procedure ftine simulationof different faultscenarios in
the robot joints.

1 To design an intelligent robot health assessment and diaskification system to be
uploaded later do the embedded system.

1 To design an intelligent embeddsédnsing system for both monitoring and diagnostics.
The device has to be wirelesgh a minimum number of sensors

1 To undertake a series of extensive experiments to validate the performance of the

proposed system, after which it can then be implementaah amdustrial application.

1.7 Outline of the Thesis

Chapter 1 provicdgbackground information about maintenance strategiesCividThe
motivation forconductingthis work,its expected challenges, and the aims and objectives
of the studyare then discussed. A review of previous and recent research ©NI
techniquesappliedto different machinerywith an emphasi on industrial robot condition
monitoring is presented in Chapter Ehapter 3 discussdble proposed CM algorithm
along withthe advantgesanddisadvantagesf the different signal processing techniques
that have beeremployed previously for machineryhealth monitoring Then, suitable
techniques based on the nature of the sigealitted from the robatnd the propose@M
algorithm are selected. Thelynamic characteristics ahe PUMA 560 robot asused in
this study arefound by performing modal analysis on the rolaotd thisis with a general
overview about th€UMA 560robot aredescribedn Chapter 4.

In Chapter 5 different fawdtthat caroccurin the transmission system of the robot with
their related frequencieme discussed, along with the desigraafda acquisition system
based on Nationalnktruments hardware and softwafe preliminary evaluationThe
focus of Chapte6 is on analysing the robot systday simulating differentypes offaults

in the robot. Then, features are extracted and savedublized later in the desigaf the
intelligentcondition based monitoring (iCBMjystem. The work in this chaptes based
on the data acquisition systedasign presenteith the previous chaptein Chapter 7 the

ICBM systemis designedased orstatisticalcontrol chart (SC) andan artificial neural
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network (ANN). In this chapter, the fundamental principes appliation of these two

methods aralsooutlined.

Chapter 8 describes the procediaiowed in the desigwf the wireless embedded system
used in this researdnd theevaluation techniques that were undertaketheéselection
processof its component Chapter 9then presentsa description of flowcharts of the
embedded software prepared using the C programming lanquradjediscusseshe
embedded system validation resuFsnally, the conclusionsof the studyalong with a
summary ofthe researcltontributions, achievements and recommendations for future

work are provided in Chapter 10.
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CHAPTER 2

LITERATURE REVIEW

The thesistitle reflects a number of themes, iiatelligent system, embeddexystem,
conditionmonitoringandindustial robot, andpreviousand ecentresearchin eachtheme

need to bestudied thoroughly; howevgtherehasnot been muchresearches in the field of
robot condition monitoringThus the purpose ofthis chapter is t@®valuatethe condition
monitoring metlds that havebeen developedor different machinerywith a view to
applying the mostappropriate one to rok®&andcollectively helpgo establishf there is a

gap in the area of indusatirobot condition monitoringr his chapter will give and describe

in its first two sections the necessary background information about the various condition
monitoring approaches antechniques Statistical andArtificial intelligence techniques,

such as artificial neural networks (ANN), fuzzy logic system (FLS), genetic algorithm
(GA), and support vector machine (SVM), which can be applied to address the issues of
fault detection and diagnosis, willso be revewed. Then, the principle of embedded
systens andtheir application in condition monitoring reviewed in the third sectiomhe

last section of this chapter will discug®e work done in robotics health monitoriagd

finally the research gap &ldresse in the summary section

2.1 Condition Monitoring Approaches

In machines condition monitoring (CM)adlt detectiondiagnostic approachesan be
classified into two types, dependent on whether the diagnosis evaluation is based on
deterministic or stochastiaformation (e.g., historical, statistical parameters). The first of
whichhas beentermedamodela s ed or #fAwhite boxo approact
asdatadr i ven or fbl dRatk and dak,200&imp 201)aBatler, 2013.

Sections 2.1.1 and 22.define the principles of thes@moaches and present a brief

ovewiew of previous work based on them.



2.1.1 Modelbased approach

The nodelbased fault detection approach emplaysiathematical modebf the system
under observation, bysaumingthat afault in the system will lead tdeterministicchanges

in themodel parameters. Theodetbased approach relies on comparing the model outputs
with the actual system outputs to generatresidual signabnd lased upon the properties

of the generated residual signal, potential fault conditions are identified and useful
information is extractedDing, 200§. The basic concept of a typical modesed fault

detection apprazh is illustrated in Figure 2.1.

process input= process process output
g-“ rocess — ¥ | residual residual decision ""E knowledge
i = pmodel —O processing [ |  logic i ¥ of faults
1
'_ residual generation residual evaluation _E
Model based fault diagnosis system

Figure 2.1: Model-based Fault Diagnosis Flowchar{Ding, 200§

As indicated in Figure 2,1there arewo main stage in this approachhe firstof which
generates theesidualwhichis then passed to thesidual evaluatiostage Throughout the
fault-free operation, thenagnitudeof the residual signal should be approximately zero,
indicating that the propesl modelis accurately describinthe current behaviour of the
system. If, however, the value of the residual signal diverges from zero, appropriate
processing and analysis techniques are apptiat in orderto obtain valuable features
related to the present filauThe properly processed residual signal is then forwarded to a
decision logic routine to map the behaviour of the residual signal onto a specific fault

condition.

The most important aspect the modetbased approach for precise fault detection is the
requirement of an accurate and robust mathematical model of the system under study. In
such models since they are usually derived from first principles, using ordinary differential
equations, diffenet elements of the model are related to actual physical properties.
Therefore,the main advantage of modehsed techniques ihe capability of detecting
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unanticipated faultas well as the replacement of hardware redundancy by analytical
redundancyfVachtsevano®t al, 2004. However, in many real world applications it is
almost impractical to apply modebased diagnostic approaches, since mphysical
processes are too complex to develop accurate model. Thisawde mismatch between
the process and model outputs which, in turn, leddrge error signals usually giving rise

to false alarm¢Ding, 200§.

A great amount of work have been undertaken to study thandg modelling of, for
examplegears and bearingfor fault detectionGears have wide industrial application and
unforeseen failres can be enormously damaging, and so researchCiMtcand fault
diagnosisn gearboxsis very importantPareyet al.[2006 propose a @legreeof-freedom
dynamic model for a spur gear pair to simulatd atudy the effect of lateiigbrsional
vibration combination on vibration response in the presence of localized tootrsdeffect
model included two inertial masses representing load and prime mover, two shafts, and
bearirgs, as shown Figure 2.Zo analyse the simulated signals a mrégolution signal
processing technique was usedbreakdown the vibration signal to mulkevel. Then,
statistical parameters such as Crest faatm kurtosis were calculatebin each level and
utilized to givean early detection ofontact surfaceitting. Recently,Liang et al. [2015

hawe developed a dynamic model to simulate the vibration source signals for a planetary
gearbox in the healthy and the cracked tooth conditions. The signals were analysed using
time- and frequencylomain feature extraction techniques. For model verification

experimental work was accomplistiand the resustweredeemedacceptable

Motor

a (|
/;‘ ol STy e . / pears Load

E
~a

Figure 2.2: Schematic of modelled spur gear paifParey et al,, 2004

13



Beaings are of paramount importancemosttypesof machinery, and bearing failure is

one of the foremostauses of breakdown in machinés.generic scheme for health
monitoring of rolling element bearings was proposedJiang and Zhang [2012The
approachincorporatesvibration modelling and dime fault dimension estimation. Qiifie

training was appliedo obtain the parameters of the vibration modek Tained model is

then used dme in parallel with a real systerfin servicg to realize modebased fault
detection and diagnosis. To addressseand uncertainties problems associated with fault
dimension estimation, an extended Kalman filter was used to increase the accuracy of
diagnosis. The proposed system was validated on a case study of rolling element bearing
health monitoring and experimental results demonstrated the efficanthye proposed
method. An earlierpaper introduced a dynamic modelling for a gearbox test rig to
investigate the effect of a defect in gears and bearings on the vibration[Sigwalhi and
Randall, 2008 Two damage types in the gears, spalls and cracks, and inner race, outer race
and rolling elements faults in the bearings were adopted in this study. To detect these faults,
diagnostic techniques such as spectrum comparison, spectral kurtosis analysis and envelope

analysis were applied to the vibration signal for both experimanthkimulation work.
2.1.2Data-driven or Modelfree approach

Datadriven approaches depend on the features extracted from the measured process data
for building a model that represents the processl thesare categorised into two types;
statistical based mebds and those based ariificial intelligence Al) techniquegJardine

et al, 2006 Yadav and Kalra, 20J0Within these categories, a huge range of techniques
have been employed to handle a wide variety of fault detection probldrassuitability

for usage adatadriven monitoring strategyis for processesn which an explicit
mathematical model is difficult to construct because of shortage of knowledge or
information related to the procepgsadavand Kalra, 201D In the following sbsections,

an overview of thesmethods and #ir applications are presented.

2.1.2.1Statistical based approaches

The concept of modefree based fault detecti@nd diagnosidas stimulated the interest of

using novelty detection for condition monitoring,which focuseson identifying any
deviations between the features extracted from the recent measured data and the data
measured under normdhealthy) operating conditions. The features obtained from a

machine in its undaaged state will have a distribution with an associated mean and
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variance. Howevera variation in the mean and/or variang#l appear if the machine is

damaged.

Statistical control chart6SCCs)providea framework for monitoring the distribution of the
features and detection if they are inconsistent with the past ya#dtie, andany change in

the distribution characteristics of the features will indicate damagegedoutlier analysis.
SCCsare one of theesarlieststatistical fault detection technigs dating back to 1931
[Yadav and Kalra, 20]0Starting with the advent of Shewhart control chiotsaveraging

usually called Xbar @) chart, which is normally used @ombination witharange chartR

chart) or standard deviation cha® ¢hart) [Montgomery and Runger, 20[L4Further
modification to Shewhart charts haveesulted incumulative sum (CUSUM) and the
exponentially weighted moving average (EWMA) charts in the early 1ps@dav and

Kalra, 201Q. Becausethese chartare easy to construct, implement, and interpret, they
receiveda large acceptance in the field of machines and processes monitoring. Techniques
based o SCCscan be classified to two approaches: the univariate and multivariate
approaches. In the former method each characteristic of interest is monitored independently
whereas in the latter the concurrent monitoring of characteristics is accomplished,
consdering the correlation that may exist among the various charactefigacksyv and

Kalra, 201QK i set al, 2013. Despitetheir acceptancghe main disadvantage of control
charts is that thejpurpose idor the detection of damage, rather thamgitantificationand

location.

Baydar et al. [200]] presented a multivariate statistical methodology for helical gears
monitoring. The gathered tirdomain vibration signals were employed to form a reference
condition model using principle component analysis (PCA). Tisgulare controthart

type of multivariate SCCs was adoptedas health condition indicator. eRearchers
concludel that when tooth failures occur, the probability density function (PDF) of the
measured signal will change which gives good indication about the health condition.
Another papempplied two statistical techniques for wind t gearbox CMZhanget

al.,, 2013. The first technigue was based on daiaing algorithms used to build a
statistical model for predicting the jerk indicated by the vibration excitement of the
gearbox. This model was utilized in conjunction with experimentally captured vibration
signal o produce residual signal$wo control charts, »ar and EWMA charts, were

constructed to evaluate the residual and fault prediction.

Another application, amongst others, of statistical control charts is for roller bearings

condition monitoringNiknam et al.[2013 at University of Tennessee investigate the use
15



of CUSUM chart for detecting bearing failures, such as unbalance, based on acoustic
emission signal analysis. Similarlghou et al. [200§ presented an approach for situ
induction motor bearintault detection by combining noise cancellation andax chart. In

this work the motor current signature was analysed to extract features related to bearings
deterioration.Two control charts were developed based on Shewhart average chart to
identify the initial start point of the bearing def¢é¥ang and Zhang, 20P8These charts

are named adaptive moving average chart, and adaptive Shewhart average level charts.
Based on these charts the researchenr® ableto produce warning and action limitss

shown in Figire 2.3.The findings of this study suggest that the adaptive Shewhart average
level chart overconsthe drawback of adaptive movimyeragecharts by working out the

l' i mits using all the bearingsod dat a.
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Figure 2.3: Shewhart rms average chart for bearing fault detectiofWang and Zhang,
2008

More attractiveapplications of SCC are for induction motors and rotating shafts health
monitoring. GarciaEscuderoet al. [2011] proposed a methodology for incipient fault
detection in induction motors. They used fast Fourier toansf(FFT) and wavelet
transform (WT) signal processing techniques to detect significant peaks in the captured
current signal. Then, a quality control approach based on multivariatpidre control

chart was successfully applied to detect the progressteridration of the rotor cage.
Another paper proposed the deCUSMA chart to monitor the misalignment in a rotating
shaft [Sun ad Chang, 2004 The gathered vibration signal was fitted with an
autoregressive model and the residuals between the fitted and observed vibration signals
used as a monitored parameter. Control chart limits were designed using the healthy
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baseline residal data. The results showed that this approach was capable of detecting both

mean and variance shifts and also indicate the fault severity.
2.1.2.2Artificial intelligence based approaches

Artificial intelligence (AIl) c a hat employsd e f i |
knowledge, reasoning and/or skfrning to enable machines to perform tasks which
humans perfor m us[Heng 200%hle recent yeardletdchnigugsesoch e 0

as neural networks, fuzzy logic and support vector machines have beendedelypedo

improve the accuracy and efficiency of fault detection and the diagnosis of machines which
can take over some menial and tedious tasks. The intelligent detection and diagnosis begins
after data has been collected and important features extractedisast#id in Figure 2.4.

The followingbulletedsections summarize the fundamental concepts of these methods and

their applications to the area of intelligent condition monitoring.

Data Feature Fault detection
collection extraction and identification

\ 4 v \ 4 v v

Neural Fuzzy sets Genetic Support Hybrid Al
. vector ;
networks algorithm . techniques
machines

Figure 2.4: Some of Artificial Intelligence Techniques Used for Condition Monitoring

1 Artificial Neural Network (ANN): An artificial neural network (ANN) is a
computational structure inspired by the data procesamllearning ability of biological
neurons in the brain. It is composed of simple computation units called newtunb,
integrate the functionality of both memory and computat®emarasinghe, 200Dreyfus,
2003. ANNs can be employed for a variety of tasks, such as function approximation,
classification, pattern recodiun, clustering, and forecastif@amarasinghe, 20D7For
example, an ANN was applied to fault detentiand diagnosis in -dtroke internal
combustion engine by depending @minimum number of sensory ddgt@handrothet al,

1999. Cylinder pressure and vibration data were acquired from the enginesiBy
features of the collected data, two sets of artificial neural nets were trained separately.
Experimental work was carried out using a twin cylinder diesel engine, and it was

demonstrated that it is possible to detect and diagnose the most comnmmneanfaults
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in the engine using either cylinder pressure or vibration amplitude. Such a system would
thus require fewer sensors. Neural networks are commonly arranged in layers, and each
layer has an array of interconnected elements. Each element seesivieput signal,
manipulates it, and then output signals are forwarded to the other connected elements in
other layers. There are many different forms of neural networks depending on their
connection patterndHowever, the mairtlasses of neural networlese thefeedforward

neural network,whose signal direction is from the input to output layer without any
feedback connection. That means the past sigm&®ot use for processing the new

signals as illustrated irFigure 2.%. Therecurrent (Feedback) Neural Network, which has a

feedback connection, andilizespast signals for identifgg the new features, Figure 2.5b
Hidden

a) Feedforward network

Hidden

Input

Feedback loop

b) Recurrent network

Figure 2.5: The main categories of artificial neural network[Heng, 2009
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There has been significant interest in applying artificial neural networks to identify and
diagnose faults in machinerKudva et al. [19927 used multilayer perceptron neural
networks to deduce the size and location of damage in smart structures using measured
strain values at different locationglore recently, andni contrastParhi and Dash [20]1
applied the same technique for structural monitoring, but vibration signatures were used

instead. Both studies achieved ggiable levels of prediction of crack locations.

Lopes Jret al. [2000 implemented impedance techniques andralenetworks to detect,
locate, and characterize structural damage. The advantages of smart materials technology
and the characteristics of neural network were combined in proposing-@iagglbstic
procedure. Experimental investigations were succegsfaliried out to locate and identify
damage in a quartexcale bridge section. It was concluded that this technique can be
applied to complex structures. In another study-séep neural network was used to design

a predictive fault detection and diagreaiodel for the monitoring of nuclear power plants
[Baeet al, 20064. The main role of the first networkas to classify failure type, and then
failure severity was determined using the second network. The results showed that this
model was suitable for failure detection, but additiomatk was needed to increase its
accuracyAnother study conducted byhanget al. [2007] looked at fault diagnosis ia

steam turbine generator by applying of an integrated neural network basednbmed
information. The aim of this method was to overcome the problem of-failitire mode
diagnosis ina single neurasubnetwork, which normally requiremianylearning samies.

The preliminary diagnosis of faults was implemented using onasutal network, after
which the subneural networks were merged y@&ld the final decision. It was found that
there are many advantages to #ijiproach asystem accuracy and reliabjlare increased,

and the uncertaintyfeystem information is reduced

1 Fuzzy Logic (FL): Fuzzy logic or fuzzy setheory is an important teclyue first
introduced by Zadeim the 1960s to deal with vague, imprecise and uncertain knowledge
and data. It is especially suitable for systems with a mathematical model which is difficult
to drive.FL is composed of fouelement§Marwala, 201P afuzzy set, which is applied to
achieve a flexible representation of the elements in the fuzzy systeamembership
function, which shows the level of possibility that an objs@n element of a certain class;
logical operators, which are used to find new fuzzg &eim the existing fuzzy setand

fuzzy rules, which show the conditional articulationsduse perform the inpiibutput

relationships of the system, which can include human descriptive judgments such as:

IF speed is high THEN stoppirdjstance is long
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IF speed is low THEN stoppingistance is short

Decisions inFL can be made with estimated values and incomplete information. A decision
might be changed at latertime when extra information is available, or when it may not be
correct. For instance, if the input parameter values of a system migtfuzs6 or
inconplete, the conclusions drawn will be incomplete or incorrect as [walhakata,

2008. The major advantaged tuzzy systems are their robustness and flexibility, since
they are not restricted to a true or false approach, and they are ideal where system
information is limited and uncledtim., 2009. The application of fuzzy systems @M

has recently been studied in building reliable monitoringesyst For exampléyavarroet

al. [201Q successfully desigrd aFL system for monitoring of electric motor bearings. The
researchers used more than one signal to accurately detect bearing failuresmclindse
vibration, stator current, bearing frequency, and acoustic emission. In another paper, a
computer systerbasel fuzzy tool was developed to monitor an induction motor by
measuring its vibration signglanier and Fazrin Zaim Zaharia, 2Dp1The information
received fron the vibration sensors was used to determine whether or not faults had

occurred and actions would then take place to protect the motofurtdrardamage.

Aliustaogluet al.[2009 developed a fusion approach based on adiage fuzzy system

and sensor readings for tool wear monitoring. The maagoestic emissigrthrust force,

and vibration signals were used to drive the statistigalnpaters by applying the first stage

of the proposed approachsinga Mamdani fuzzy modehs demonstrated in Figure62.

The output values from the first stage were taken as the input parameters of the second
stage, which applies the Tak&gjigeno fuzzymodel. Then, the final decision was made
using the threshold function and depending on the output values from the second stage as
illustrate in Figure Z. The authors mentioned that the performance of this approach can be
improved by using electric motourrent as a fourth input parameter to the fuzzy system, in

addition to using various classifiers.
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Figure 2.6: First stage of proposed Fuzzysensor mode[Aliustaoglu et al, 2009
20



| Vibration }

Acoustic_Emission

> m ___p{Crisp Output Decision

Sensor Fusion Model ~ Threshold
(Sugeno Fuzzy Model)  Function

Figure 2.7: Second stage of proposed Fuzzgensor malel [Aliustaoglu et al, 2009

1 Genetic Algorithm (GA): The genetic algorithmvasfirst introduced by John Holland

in the early 1976 It can be defined as a computational technique that mimics the genetic
processes of biotpcal organisms in order to solve search and optimization problems
[Negnevitsky, 2005Munakata, 2008Marwala, 2012 To apply a GA to any problem,
severalkey steps have to be followd&oldberg, 1989Marwala, 201 Firstly, a number

of possible individual solutions containing a number of chromosomes are randomly
generated. Then, the fitness value of each individuakent solution has to be computed,

the purpose of which is to evaluate the performance of each chromosome. Once the fitness
values have been calculated, a new population will be generated by applying crossover and
mutation operations to the individualg/hen a convergence criterion is reached, the

algorithm stops; and if not, this process is repeated from the second step.

Genetic algorithms have since been adopted in many different disciplines, such as for
automatic programming, missktata estimation,iriite-element analysis, and condition
monitoring [Marwala, 2012 For example,GA was successfully applied in the bearing
monitoring process to select the most important features from a large set of vibration
signals[Jack and Nandi, 2000where in one set of experimts theGA was capable of
selecting a subset of six inputs from a set of 156 features. In a similar studypaséé
optimization method was applied to select the optimal cutting conditions for each pass of a
turning operation, with consideration giventbe@ effect of overall progressive tool wear on
machining performanciPal et al, 2011. The optimization process showed precisely that
cutting parameters are not constant whenweear is taken into accountpimwhichit was
concluded that the GA has very gbolassification accuracy. lother studies, a twstage
process was utilized to detestructural damag¢Chiang and Lai, 1999Moslem and
Nafaspour, 2002 where in the first stage the residual force method was applied to initially
locate damage. Th@A was then used in the second stage to evaluate the damage in the

identified structure.
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Differences in the natural frequencies of force vibration are most frequently represented as
a potential damage indicatpDstachowiczt al, 2003. However, changes in the first four
frequencies have been used to identify the exact location and magnitude of an added
concentrated mass on a simply supported, isotropic plal8AAmodel wa developed

which showed good ability in finding the accurate location and value of added mass.
Meruane and Heylen [201have presented a technique based on model properties and a
GA to detect faults in a tadimensional spaefame structure. Two damage scenarios were
adapted in this work to verify this technique. The findings showed that this method was

capable of detecting and quantifying three simultaneous instances of damages.

1 Support Vector Machines (SVM) Support vector machines are a type of artificial
intelligence methodology applied mostly for the classification and regression of data.
SVMs were first introduced by Vapnik in the late 1990s and are supervised learning
method derived from statistical learning theory, as in most neural network systems.
Supervised learning methods refer to machine learning methods which try to generate a
clear map between the inputs and outputs in the training data. SVMs are suitable for two
class classification, but there are a number of extensions which enable this technique to be

used for multiclass classification problenislarwala, 2012Lim., 2009.

SVMs have gained significant importance recently because of their superior ability to
generate an accurate representation of the relationstwedie the input and output from a
small amount of training informatiofharma, 2008 For example, ithere is a tweaclass
dataset, &VM will classify them by finding a separating plane that will divide the space
containing the data. All points at each side of the hypbemne will belong to a specific
class. The best separating plane can be a linear boundary in the input $patcee
however, in some cases a Alomear boundary could be used to separate the target classes
where a linear boundary might not be able to sep#rata adequately, as shown in Figure
2.8 [Fulcher, 2006
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Figure 2.8: SVMs for data classification[Fulcher, 20064

Nowadays, SVMs are applied in many resedields, such as biological sequence analysis,
text classification, data mining, facial recognition and mechanical fault diagnosis, and the
results are promisinfLim., 2009 Zhanget al, 2009. In terms of fault detection, SVMs

have been applied to detect the location of damage in rigid stru¢8hesada and Mita,

2005 Shimadaet al, 2004. Changes in the natural frequencieshs structure were used

first as training data for the SVMs, and then to detect damage location. The main goal of
this study was to reduce the number of sensors used to collect important data from the
structure. The authors pointed out that this techniffeeterely decreased the possibility of
incorrect damage detection. A comparison study of artificial neural networks (ANNs) and
support vector machines (SVMs) has been presented which compares their performance in
gear fault detectiofSamanta, 20Q4 Vibration signals in the timdomain were used in this
research for feature extraction. Moreover, the number ofsiadiéhe hidden layer in the

case of ANNs and kernel parameters in the case of SVMs were optimizeds#ssng he
researchers used expeental data for a known machine to train the ANNs and SVMs. The
findings showed that the classification accuracy of SVMs is better than that of ANNs
without GA, and the performance of both classifiers increased when GA was used.
Additionally, Zhong et al. [201(Q used SVMs for the intelligent diagnosis of gearbox
faults. An experimental test rig wdssignedo smulate the most common faults occurring

in the gearbox, such as imbalance and misalignment. It was concluded that the SVMs are

able to precisely recognize different fault types and their severity.

A research study was conducted using SVMs technique éztdmtd classify of faults in
rolling bearings depending on vibration signals in the {tlomain [Rojas and Nandi,

2004. Four bearing faults were simulated in this study: an inner race fault,raagefault,
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rolling element fault and cage fault. It was found that the accuracy of SVMs is minimized if
there is a limited amount of training data. Furthermore, this technique has been utilized for
the purpose of rotor failure assessmgfdn et al, 2009. It wasfound that the SVM was
reasonable and effective assessment of machinery degradation especially in complicated
operating conditions since it does not have limits of input parameters, and the
computational required time is also short. On the other h@adcavaleet al. [2009
reported that Athe main drawback of the SV
data points selected as SVs by the learning algorithms may lead to a heavy
computati onal |l oad in the presence of a |
can be concluded that SVMs for condition monitoring is still under development and

requires further investigation.

1 Hybrid systems: A hybrid intelligent system is a combination of at least two of the
intelligent approaches mentiongdeviously toachieve more accurate results and better
performance. A hybrid system can combine the advantages of different technologies. The
main concept of hybrid systems is to create new approaches where the components
compl ement e a ¢ h [Limt 2069r Negnevitsle/,a200b Musakata, 2008
Recently, there has been an explosive growth in the use of hybrid intelligent systems in
condtion monitoring, in particular, for instance, Neural andGenetieFuzzy systers

Neural networks have the capabilities of learning, memorizing, and recognizing patterns in
a way the fuzzy systems do not. In contrast, the strength of fuzzy logic lies in its ability to
model the decisiomaking of humans. So, the synergetic integratibmeural networks

and fuzzy logic can complement each othklunakata, RO8 Negnevitsky, 200b A
growing number of researchers have constructed and examined different forms cf neural
fuzzy or fuzzyneural networks.Yen and Meesad [20]Dldeveloped a classifation
algorithm based on fuzayeural networks called the incremental learning fuzzy neural
(ILFN) network. This technique has the capability of learning new information withou
forgetting old information. The authors concluded that this approadtessification is
better than many recognized classifiers. Additionally, an evaluation study has been
conducted to discuss the usability of three artificial intelligence (Al) metiodathe
turning tool wear estimatiofBalazinskiet al, 2003. These methods were the fefetward
backpropagation neural network, azizy decision support system, and neural network
basedfuzzy inference syem with moving consequents inThenrules. All three methods

gave similarly acceptable results, but there were differences in the training time required.

The neural network and Zay logic systems needed a considerable amount of training data.
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On the other hand, the traininghe was very short for the newfaizzy system, making it

easy to optimize and use in industry.

In another study, a neurlzzy system was applied for thetéetion of faults in alternating
current (AC) motors[Sainz Palmeret al, 2009. This method was tested using an AC
motor, and 15 nodestructive fault types were generated. The results showed good levels
of detection and classification. Moreover, the knowledge extracted by a fuzzy rule set had
an acceptable degreé interpretaliity. A multiple adaptive neuraluzzy inference system
(MANFIS) methodology has also been applied to detect cracks in dynamic strjietnt@s

and Das, 2010]The input layer of the controller was the fuzzy layer and the other layers
were reural layers. The relative deviation of the first three frequencies and mode shapes
were used as inputs to the fuzzy layer, and the outputs of this layer were used as inputs to
the neural layer. The final findings from the use of this method were retatick depth

and relative crack location, showing good agreement with experimental results collected

using an aluminium beam with transverse cracks.

A genetic algorithm has a perfect machine learning capability and satisfactory global search
ability, whereas its drawback is chandependent outcomes and lengthy computation time.
When combined with the benefits of fuzzy logic mentioned earlier, it introduces flexible
and robust inference methods under high possibility of imprecision and uncertainty. An
improved artificial intelligence technique called a genétizzy system (GFS) can be
developed by the hybridization of a genetic algorithm and fuzzy logic. The génetic
system combines the learning ability of the genetic algorithm with the uncertainty
representation characteristics of fuzzy loffidunakata, 2008Pawar and Ganguli, 20D3

A genetiefuzzy system has been wut#d for damage detection in a cantilever beam and
helicopter bladegPawar and Ganguli, 2003rhis method was used to find the existence,
location, and extent of damage. In order to calculate changes in beam frequencies because
of structural damage, a finite element model of a cantilever beam was applied. These
changes in frequencies were used &negate the fuzzy system, and rbkse and
membership function optimized by a genetic algorithm. It was concluded that this system
allows easy rule generation for different structures. The same technique was used in a
similar study by the same researclug to detect cracks in a thimalled hollow circular
cantilever beam, which was made of composite material and used as part of a helicopter
structure[Pawar and Ganguli, 20P5lt was found that the effectivess of this method

depends on the number of parameters, such as crack density and noise level. Furthermore, it
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was observed that the genefiizzy system showed reasonable performance in damage

detection and isolation.

Genetic algorithms have also been dider optimizing fuzzy system parameters. This
technique has been applied to monitor the performance of a cutting mfGaheva,

2010. A simulation study was conducted along with experimental wonk result
validation. The findings from the experimental work showed g@aduracy with
theoretical results, and it was concluded that the proposed technique is suitable for large
scale problems because of the ability of genetic algorithm to extract dbe afiective
features from a considerable number of parameters. Furthermore, this hybrid technique has
been used in medical diagnosis applications to achieve correct disease classifibations
Nuovo and Catania, 20DfT he aut hor sé main aim of this
diagnostic system and at the same time reliable and easy for practitioners to use. The
approachwas applied to three rewalorld benchmarks and compared with relevant work to

show its effectiveness.

2.2 Condition Monitoring Techniques

In the past few decades and with the developmesens$ingtechnologiesdifferent CM
techniqueshave beenutilized for the purpose of gesrand bearinggor other machines)
health mortoring. These techniques, but not limited to, aibratiory sonic emission
motor current; wear debris and lubricanalysis and thermal monitoringeach one of
these techniques has unique advantages and disadvantages and magngapplication
but not anotherFor instancewear debris monitoringechnique requiresneasuringand
analysing thewvear particles and contaminants inside the usedioidneedsadvanced and
expensivdaboratory equipmenhuman expert inspection of the wear debris samples
is very time consumingEbersbactet al, 2004. In this section a brief description of the
first threetechniqueswith a review ofpreviously and recently achieved work based on
themwill be given asthey are the mosipplicabletechniques to the woneportedin this

thesis
2.2.1 Vibration condition monitoring

When a defect is developed inr@tating machine while it is in operation, the result is
usually an increase invibration level. Each component of a machingas its own
charactastic frequencies determined bis geometry and theotational speed of the

machine.Therefore by establishing the relationship between theasured frequencies
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andexpecteddefects either by theoreticahodelling of the machine or hyeasuement,

the defect along with its caused severitycan be determined by performing a deth
vibration signal analyis Vibration signals analysis has been extensively used for
machines fault detection and diagnosis in various industrial apphsdtselmanet al,
2017). Geardefect diagnosidased on the analysid vibration sigmals using multiscale
statistic was introduced bylLoutridis [2008. Experimentalinvestigation to testhe
capability of this statisticatechnique wasarried outby analysingthe vibration data
recorded from a singlgtage gearbox with a pair of spur gears. The faultsivaalatedon

the geaby removing approximately 10% of the tooth meeirom the rootWind turbine
gearboxs are one of the most important and faalitical components in the turbines
because of the complicated alternating loads from wind turbuldfrmgirical mode
decomposition (EMD) signal analysis technique has been used for analyzing the vibration
signal of a vind turbine gearboXTenget al, 2014, and ntrinsic information fromthe

vibration signal of a field gearbox has been extract using EMD.

Huanget al.[2014] published a spur bevel gear fault diagnosis method baseithration
signal analysidy employing wavelet analysis.oTtest the performance of the proposed
method, an experimentatudywasundertaken of two different faulttopth bre&age and
tooth surface wear) in the pinion gear. Theaperanalysedthe variatons of gear fault
vibration signal using timeand frequencyg@omain signal analysis methods and then fault
attributeswere extraced using wavelet analysi&/ibration signal analysiss widely used

for planetary gearbox fault detection. Recentlyeseach proposes two features, namely,
accumulative amplitudes of carrier orders and energy ratio based on differencefepectra
gear and bearing monitoring of a planetary gearfiaei et al, 2015. Vibration data
acquired from a gearbox test rfias been used to demonstrdie effectiveness of the
proposed featres. The vibration data is measured under different motor spéeds
comparison has been made wtiose reported in the literatyr@nd has been reported that
the proposed features are more successful than others in monitoring and diagnosing

gearbox fauk.

Randall [2004 used the vibration signature of bearing fautt separate gear frobearing
signals in a helicopter gearbox. This technique was based on the different statistical
properties of bearings and gears, which were the main factors in the fault diagnosis
appro&h. An illustration was conducted using case history data collected from the US,
and Australian NaviesShao and Nezu [20Q%leveloped ararly bearing fault detection

technique based on vibration signalm®sing. This technique consists of an adaptive
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noisecancelation filter and a wavelbased estimator. The researchers concluded that,
using this method can improve the sigt@hoiseratio when the signal is contaminated
by noise and thus faslcan be detected efficiently.

A time-frequency analysis technique was adopted fortresd bearing fault diagnosis and
prognosis[Aliustaoglu et al, 200§. For frequency malysis, the Fast Fourieransform

(FFT) method was used, and experimental work carried out on the bsehafig
mechanism of an AC electric motor. A schematic diagram of the experimental setup is
shown inFigure2.9. A current sensor was fixed to the phase line of the motor er ¢od
measure the electric current passing through the driver of the motor, while two
accelerometers were placed on thearing housing to measure vibration. To analyze
bearing status and the progress of any existing faults, vibration and current data were
gathered and digitized using a National Instruments data acquisition card. A technique of
envelope analysis was applied to separate the modulation signal from the carrier
frequency. The authors developed software to perform signal processing task, and six
types of defects were defined in this software. The authors claimed that this technique is
better than most other advanced techniques, and it could be easily adoptedtiorereal
bearing fault diagnosis.

Data Acquisition
System

Mechanical System Ul

| Band-Pass Filtering |

| Half-Wave Rectifying | H |- [ “":“”_:_—
| Low-Pass Filtering | - JJ i
Envelope Analysis FFT Magnitude Analysis
[ Software |
| Pmsl'mis |
| Diag!ms's |

Figure 2.9: Bearing fault diagnosis and prognosis systeffiAliustaoglu et al, 200§
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2.2.2Noise, ultrasound and acoustic@ssion @AE) condition monitoring echniques

Acousticsis the study of the generation, propagation, and reception of sound that is heard
by a human beingMohanty, 2015 The sounds are classified as desirable or undesirable,
which is traditionally known asoise Human ears are able to hear only soundesawithin

a specific frequency range, which is knowntlas audible frequency rang2Q( Hz to 20

kHz), whereadrequenciesabove 20 kHz are known as ultrasonitie acoustic emission

(AE) technique deals with signals in the higbquency range from 10kHz to 1 MHz
[Stamboliskeet al, 2015 Mohanty, 2015

Almost all machines under normal operating conditiensit sonic signatures and any
variation in these signatures can indicdiestart of deterioration of some componelas.

online gearbox monitoring system based on the LabView program was develojéei by

et al.[2011]]. This system hathe capabilitto analyze data online and offline, and to query
historical data. The authors concluded that the noise detection system cavedffesfiect

the gearboxdés operation status, fault typ
added that this technique has more adygedahan vibration measuremeHbwever, the
application of noise measurementsGM is not practical because of thmpreventable

noisy background from othereighbouing machines operating in tha&te whichreduces

theaccuracy ofdult detection

An experimental study was conducted to compare the effectivenetbe aftrasoundand
vibration measurement technique for @ of low-speed bearinglKim et al, 200§. To
precisely identify thepresence and severity of defects from measured signals, the
researchers developed a type of signal processing analysis called the peaRRgtio (

suggested by Shiroishi as shown in equatibth) (Shiroishiet al, 1997:

Y% — (2.1)

where,0 is the amplitude value of the peak located at the defect freqagwcliarmonics
Y is the amplitude at any frequendy,is the number of points in the spectrum, ansl the

number of harmonics in the spectrum. The modiff&(mPR is shown in the following
equation, and it depends on disparities between the peak defect frequenciesaardatie

value over the whole spectrum:
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where,0 is the average spectrum amplitude in the frequency band dreorb. It was
observed that the ultrasound technique was more effective than common vibration
measurements for fault detection. Recently, this opinion has been supported by another

research groupwWeiet al, 2011].

The AE technique haseen increasingly used for condition monitoring different
machineryand structuresFor exampleQ©gbonnah [20(7applied AEand wavelet signal
analysis techniques for gear fault diagnosis and prognosis. The result of the gearbox health
change over time was presented in statistical properties of amplitude, and corresponding
frequency and energy changes.linear relationship b&teen AE amplitude, gearbox
running time, and pit progssion was shown in this studyn Antelligent health monitoring
system for power tramission system [Onsy, 2009, included fault prediction and
classification usingAE, vibration and oil debris analysis werembinedusing uzzy logic

The aim of this was to monitor two modes of gear fatigue failure; the progression of gear
surface and bending fatigue failure in helical ge@le progression of micepitting was
moritored using the AE average signal level, vibration signal root mean square (RMS), and
the mass of ferrous debris, whilst todténding failure was monitored using the AE peaks,

the vibration kurtosis and oil debris mass rate.

As mentioned earliethe AE-based technique deals with signals in the Hrglquency

range, and thus it requires much higher sampling rates than vibbats@a technique#
comparative study for gearbox tooth damage level diagnostics using AE and vibration
measurements based on #wme sampling rateas been conducted recentfu et al,

2014. Partial tooth cut faults are seeded in a gearbox test rig and experimentally tested in a
laboratory. Itwas concluded that the AE signals show more stable performance in fault
detection, and reported that tA&-based approach has the capability to differentiate gear
tooth damage levels in comparisontwihe vibratiorRbased approach, since thibration

signals are easily t#cted by mechanical resonance.
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2.2.3Motor current signature analysis

Motor current signaknalysis (MCSA) offers a neimtrusive and alternative method to
detect mechanical faults through investigating electrical signatn@sgded there is access

to the currentarrying conductor to the motor, the drawn current by the stator of the motor
can be measured atigfant locations from the motor; thieepreserg one of the
advantageous d¥ICSA techniquessincethere is noneedto mountany transduceror
measuring equipment on or near the monitored machimeMCSA technique was limited

to monitaing different faultson induction motorgKar and Mohanty, 2006 including

beaings faults

Schoeret al.[1995 addressethe application of motor current spectral analysis for rolling
element bearing damage detection in ingucimachines. The study, firsteviewed and

found the bearing characteristic frequencies and the modedwt fassociated with the
construction of the bearings. Then, the relationship between motor current and induced
vibration, due to incipient bearing faults, was considered and inveestigaéhis was done

by deriving the effectsof different bearing faultoon the stator current spectrumhe
experimental results verified the predicted relationship between the vibration and current
frequencies, and confirmed that the stator current signature can be applied to detect the
presence of a bearing fauknotherstudy by Stacket al. [2004] developed a methoaif
detecting progressive motor bearing faults via stator current analysis. The method starts by
removing the significant frequency content that are irrelevant to bearing faults by filtering
the stator current. The filtered healthy current signal is thed tgstrain an autoregressive
model to producea baseline or reference mod&lhen bearing health is degraded, the
deviation in spectral content from its baseline measurement is increased. This increase in
spectral deviation was then used as the faultindeCM technique based on statistical and
numerical tools was suggested ftatectingthe onsetof faults in induction motorfGarcia
Escudercet al, 2017. The FFT was used to find the spectrum of the motor current, and a
multi-resolution technique using wavelet function was implemented orspl@strum in

order to detect the significant peaks. The researchers carried out an experimental study to
prove the effectiveness of this approach, concluding that it is very reliable and convenient
in detecting failures at their early stages, and it caa &lke into account the presence of

serious anomalous feature measurements.

Nowadays, however, many studies have concentrated on using MCSA for power
transmission systems condition monitoring as a replacement for typical monitoring

techniquesThe MCSA was used as the basis fGM of a multistage gearbox by using
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discrete wavelet transform (DWTKar and Mohaty, 200§. By observing the FFT
analysis of the captured signatswas concluded that the low frequencies of vibration
signatures have sidebands across line frequency of the motor current whereas high
frequencies of vibration signature were diffictdt detet. A suggestion of applying the
discrete wavele{DWT) to decompose the current signal was mdddowed by FFT
analysis on some of the DWT results to trace the sidebands of the high frequencies of
vibration. In the experimental test rig the faults was artificially simulated on one of the
gears by removing onedth and then two teeth, Figure 2.10

a) One tooth removed b) Two teeth removed

Figure 2.10: Simulated faults in the geardKar and Mohanty, 2004

The electromagnetic motor torque estimation can give significant information about the
efficiency and health condition afn electromechanical system, athmis technique has
recently been used for fault diagnosis of gears. [bBs of lubrication in a gearbox is
considered as a gear failure due to its influences on the vibration and on the
electromagnetic estimated torque signatures. By using the electromagnetic torque
estimation technique this and other fault types, such as tooth breakéiga tahighratio

gear in cement kiln drivefiave beendentified [Kia et al, 201Q Bogiatzidiset al, 2013.
Initially, a theoreticalalidationthrough a modéng approach to investigateow periodic
impulse torque excitation affects the motor current spectrum and how it is expected to be
demonstrated at the motor electromagnetic torque hasfbi#ad. The effectiveness of

this techniquehas successfullypeen demonstrateé via experimental verification, and
validatel using vibration signal measurement and analysis simultaneously with the

electromagnetic torquanalysis.

Apart from aforementioned techniqguesveral nordestructive and contactless condition

monitoring methods have been developed for monitoring machine laaticompared
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with the traditional ones. For instanca,research group applied an infrared thermo
graphic technique to monitor degpooved ball bearing with circular weights mounted on
them and different lubrication statfSeoet al, 201]. They compared the results from
this method with those of the traditional vibratiepectrum analysis to evaluate the
efficiency d the suggested method. Figure 2shbws the test rig, and the infrared camera
(Silver 450 M from Cedip Copp The vibration analyzeshown in Figure 2.1Wwas used
for spectrum analysis, and the data acguiusing this technique was reported to be

clearer than that derived using vibration analysis technique.

a) Infrared camera b) Vibration analyser

Figure 2.11: Test rig for comparison between the thermegraphic and vibration

analysis techniques for bearing health monitoringSeoet al, 2017

Another study byOnsyet al.[2012 applied an image registration (IR) technique for online
health monitoring of gears system. The main aim of this study was monitoring the
progression of micrpitting and surface scuffing failures. A battkback gearbox was
designed, and a variable spesectric motor used to drive the system. To evaluate the state
of health of this system, the failure index (FI) was found by comparing captured images at
different time intervals with reference images takefiore running the test. Figure 2.12
shows the Vaes of failure index for pinion and wheel gears versus number of cycles and it
can be concluded that the miguidting progressed gradually during testing. To check the
capability of this technique, the FI results computed using the IR technique welatealr

with vibration and oil debris analysis indicators measured for the same test rig and the

findings wereconsideregromising.
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Figure 2.12: Failure index (FI) values of geared systerfOnsyet al, 2017

2.3 EmbeddedSystems for Condition Monitoring Applications

An embedded system consists of computer hardware with software embedded in it, and has
a set of specific functions to be performed, oftemeattime. Embedded devices can be

used to control, monitor or assist in the operation of equipment, machinplgntr They

differ from general purpose computers such as a personal computer (PC) which are to be
flexible enough to perform many different tasks and to meet a wide range of user
requirements. The prime differences between embedded systems and PC coameuter
that the formepften donot have displays or keyboardsually come witin larger systems

or machines, antlave constraints such as small memory, slow CPU ottirealresponse
[Collins, 2000.

Embedded systems are found in many applications, including modern cars, airplanes, and
mobilerobots. Their main merits are lewost, flexible structure, steady performance, small
size, low power consumption, high reliability and integration, and thetyabisliwork in
constricted spaces and tough environmdWsang, 2009 Sarrafzadehet al, 2004.
Basically, all embedded systems contain a processordtwiase to execute instructions,
andincorporatea memory to store the executable cadeyell asnput and output devices.
Sensors and probe devices can be used to provides,iapdioutputs generally display the

changes in the physical wonda wire or wirelessommunicationdinks [M, 2003.

Embedded systems are one of the most widely used types of dewioani current

applications. @e research studyasdescribed the applications of embedded systems for

diagnostic andreatmentplanning in health care applications for patients with chronic
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diseaseg Srovnal and Penhaker, 2Q07&vhere thesystems have to be portable, non
intrusive, and low in weight and cost in order to be suitableuée. This research also
suggests that embedded home care systems could be used as predictive diagnostic systems
Interestingly, proposed applicationblave expanded to include home safety and
environmenfZhai and Cheng, 20]1In this study an embedded system was designed to
monitor smog percentage and gas parameters, and to collect video inforfmwatiomithin

a house. Figure 2.18hows the architecture of the proposed systesmich basically
contains two controllers (a main controller and an expansion module), and a number of
different sensors connected to them. In addition, this system has the ability to communicate

remotely with household appliances using a global mobitenzonications (GSM).

Liod RS232
USB | _> platform <;_ GSM
camera 1 main module
controller

H R5232

InTrared
sensor

Single—chi
N ; 8 . = Household
Smoke sensor — expansion :b
appliances

module
Gas sensor %ﬂ>

Figure 2.13: Embedded system for household appliance monitorinfZhai and Cheng,
2017

Recent yeardiave witnesseda trendin usingthe embedded systems for machine fault
detection and diagnosi&enerally speaking, there are two categories of embedded systems
that can be used for industrial machinery condition monitprihgse are discusd as

follows:
2.3.1 Wired systems

Health monitoring systems are typically fulfilledsing wired embedded systemsy
connecting communication cablelrectly between the processing and the input/output
units. Different varieties of such systems are availaevadays; ranging from simple
sensing devices that detect peaiceleration or peastrain and inform the user when a
certain threshold is exceeded to a more complex system such as a piezoelectric
accelerometer with a buiib charge amplifier connectedrdctly to a handheld, single
channel fast Fourier transform (FFT) analygeor instancea microcontrolletbased data

acquisition systemntegrated with an accelerometer was used &omilling machine
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vibration monitoring[Zhang and Chen, 20P8The acquied data wasent to andanalysed

on a PC in realime mannetilizing softwaredeveloped in Visual Basidime-domain

and FFT signal analyses methods were applied for feature extractiorand visual
interpretation was redd for tool health assessmerfurthermore, a ibaration faults
simulation system, which involves data acquisition and analysis using LabYHsSéd
virtual instrument technology, was proposed to serve as teaching equipment for
mechatronics students thearea ofCM [Gani and Salami, 2004A test rig was developed

to simulate and study most common vibration fault signatures encountered in rotating

machines.

An embedded system which implemes&dforganizing mapsising aneural networkhas
been applied to the tine detection and classification of faultsélectromechanicalalves
used for flow control[Goncalveset al, 2009. The aim was to build a proactive
maintenance scheme for these valves. A mathematical model of the valve was used to train
the map forthe fault detectioprocessand fault classificatioraining was carried out by
fault injection based on parameter deviations usiegsime model. Throughout thelina
monitoring, the embedded systeworks to find the best matdtetween the current torque
and position, ash their values which were calculated using the trained ifiag.embedded
system was prototyped usiagilinx FPGA (Field programmable gateray) development
board It was found that the embedded system isapeful solution for predictive
maintenance in these actuato@abatYepezet al. [2013 has presenteda design and
implementation ofan embeddedystemthat utilizes reconfigurable hardwabased on
FPGA. This systenperformstime-frequencysignalanalysistechniques, such as short time
Fourier transform (STFT) and discrete wavelet transform (DV@h)yibration signals
captured from an industrial robatrfthe purpose of early abnormalities diagnoss the
best ofthe authorknowledge, thigpaper isconsidered the only onghich focusesn the
area of industrial robotics CNdased on embedded systehiowever, there arseveral
shortcomingsin the paper such as: only backlash fault has been considdesd, of
intelligence capabilitysince it cannot notify the operator if a fault has developed,itand

relies on a wired communication

A smart sensor network based on Texas Instrument digital gigoeéssor (DSP) type
TMS320F2812, AD7656 analogwe-digital converter (ADC), accelerometer and
temperature sensor was used to establish an embedded system for vehicle fault diagnosis
[Lijun et al, 201(J. The wavelet transform (WT3ignal analysis technique for feature

extractionwas implement on the systemlhe communication between the DSP and the
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other hardware peripherals was enabled uaiogntroller area network (CAN) bus, which
IS a communication standard designed tgermitmicrocontrollersand devices to
communicate with each other in applications withatmst computer Other successful
utilizations of DSPs as an embedded system are for mediaghosisand gearbox
vibration signas analysis[Chenet al, 2009h Lijun et al, 2014. WT wasalsoappliedin
these two paperbutonthis occasiorusingaTMS320C6713 DSP.

It is clear that the digital signal pressingand artificial intelligencealgorithms are very
powerful andbecoming moreommonly employedstools for solving different monitoring
problems. Traditionally, these algorithms are implemented using PCs, dedicated DSP chips
or FPGAs These solution are very efficient in this matter but, on theesthand, they are
expensive andarge, as inthe case of implementing them on PCs. Thus, low cost
microcontrollers, such as Arduino and PIC microcontrollers, represent an alternative
solution to implementhese algorithmsAn exampleis the implementation of ANN oran
inexpensives-bit PIC microcontrollefCottonet al, 2008 Tripathy et al, 2014 Rai and

Rai, 2013. Marandu [201# has designed an intelligent mechatronic system based on
modernversionof PIC Microcontrollerscalled dsPIC digital signal controller. It has been
used for online dental material testing and surface wear monitaithgvibration signal
capturingandanalysis LabVIEW software was used to design the graphical user interface
(GUI) to send andeceive the data from the systehimitations of these controllers,

however arelow memory anctentral processing uniCfPU) performance
2.3.2Wireless systems

Based on the concept of wireless sensor networks (WSNSs), which compaisaraber of
batterypowered(or take advantage afearby powesupplyif availablg sensomodes, each

of which contains different (or the same) sensors types to monitor different variablles a
transmit the data wirelesslgmbeddedsystems have been extensively used for building
different wireless condition monitoring systems. The typical sensor node shosiddte
size, low power consumption anldw cost. WSN solutions are beingincreasingly
employed inCM applications, for examplin vehicle fault diagnosigShuklaet al, 2009.

The systemcomprisesa large number of sensors able to communicate with edwar ot
through a wireless network, alie get live data from the vehicle, suchalstemperature,
wheel balanceand fuel level. The embedded microprocessors gather the data and send
them to an ext@al monitoring entityAnother paper has suggested an intelligent diagnosis
systemcombiningWSN with a multiagent system (MASWu et al, 2011; to satisfythe

needs for high sampling rates, high precision, high speed and large amounts of data
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transmitted from mechanical equipment. The efficiency of the system for a coal preparation
plant was investigated, and its gtigability wasdemonstrated

Otherapplicatiors of embedded systeare foundin structural health monitoringrad and
Shafai [2009 utilized wireless embedded sensors as a successful alternative to fiber optics
sensors to assess the state of the infrastructure of bridges in North AM&retass sensor
networks havealso shown sufficient potentiah data collection when they havesdn
applied to monitor wind turbine bladefTaylor et al, 2011]. Here piezotronic
accelerometers were used to pick up the signals from blades in bothyheradt damaged
states, and theensors were fixed at differefdcations on the blades andreless data
acquisition utilized.Micro-electremechanicakensors (MEMS) havalso beenusedfor
condition monitoring. Foexample a tiny and very light weight MEMS accelerometer has
been mounted on a rotor shaft to monitor its dynamic beh@izloadyet al, 2017. The
accelerometer was connected to a wireless sens@ foodhe wireless transmission of
vibration signals, as shown in Figure 2.1Without any added imbalance and at different
rotating speeds, vibration measurements such as acceleration values werevitaken
acceptablgerformancelt was reported that this technique assisted in reducing the number
of sensors needed to monitor tieating parts.

Figure 2.14: Vibration measurement using MEMS accelerometdiElnady et al, 2017

An embedded systeinas been applietb helicopter gearbox monitoringin and Hu,
2013, with the aim of designgawi r el ess sensor node fixed
in order to gather vibration signals to an external receiver through the antéicia
extends into the gearbox.he acquired signalvas analyzed usingsignal processing
methods An experimentalystem consisting of a set of planetary gears built using one sun
gear and fourplanetary gears was constructed, dodr wireless sensor nodes were
installed in the space between each two neighboring gears.

38



Zigbee is a wireless protoculidely adopted inWSN because of its low cost, low power
consumption and applicability to create large scale networks. A resetudly has
implemented the envelope analysis algorithm for wireless bearing CM based on vibration
signals measuremeffenget al, 2015, however, to overcome the limitations of memory
size and restricted computational capabilities in the commercially available wireless nodes,
the authors have used a-Bi2 microcontrolle type TM4C1233H6PM from Texas
Instruments along with Zigbee wireless module. The power consumption on the wireless
node, which represents a considerable problem in the WSN systems, has been reduced by
processing the acquired vibration signal-tmard at he sensor nodevith the result
communicatedo the recipient nodeThe hardware architecture of the proposed wireless
monitoring systems is shown in Figure 2.15
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Figure 2.15: Structure of the wirelessbearing CM system[Fenget al, 2015

Interestingly, therapid developments in smartphones and portable devices have changed
the traditional way of using thenResearchers have developed a scalableroghd
application based oa smartphone to diagnossmetypes of fault inan industrial air
compressorfVerma et al, 2013. They mentioned that the developed system is very
reliable. Anotherpaper has presented a remote monitoring system for a rotating machine
which canbe run based on smartphone @AP (personal digital assistanyVanbin and

Tse, 2008. In this paper the developers put the capabilitinfifrming the concerned user

if a fault appears in the remotely monitored machieilarly, a paperproposes a real

time method to perfon the monitoring of temperatyrbumidity, air quality and vibrations

of operating machinery i factory zone using smart phonfilsan et al, 2013. The

integration of ZigBee and \Ri communication pratcol were utilized to build the
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intelligent monitoring systemFigure 2.16 By usingthe ZigBee protocol, the sensors on

the factory site transport the raahe sensed data to an integrated embedded controller.
The embedded controller was constructed thase an opersource, 3zt ARM core

Arduino Due module. This controller is able to instantly provide numerical results,
depending on the received and analysed data, to the smart phones of the factory manager.
However, this aspect @M is lacking of exploation and needs to lferther investigateeh

order to be applietb different machines

' ZigBee
\\\\ I l Wi-Fi Wi-Fi
End device e
S0 (router) Base Station

1000288

Temperature
Sensor and
Humidity Sensor

Smart Phone

ZigBee ,Wi-Fi and Bluetooth module integration
through the Arduino controller simultaneously

Figure 2.16: Intelligent embedded system for a factory monitoring

2.4 Applications of Condition Monitoring Techniquesin Industrial R obots

After reviewing the previously applied condition monitoring approaches and techniques
for a rangeof machinery, this section explarbow these approaches and techniques are
appliedto industrialrobots healthmonitoring; andto survey the state of the artesearch
with a view tomaking existing gap in this area cleareto thereades and researchers.
Unfortunately, there is very littléor ng publishedinformation regarding thdistribution

of the robot fault typesEven ifavailable the most recerinewas published ir2000 and

it is mainly related tdhe robotactuator fault§Arvallo and Tesar, 20Q0andit does not
include gearboxfaults, whichcould be a large proportiosince robotic gearboxesre
frequently overloade@dnd experience direct effects of shocK$he author has contacted
several robotmanufacturersregarding this matter, but regrettably no one of these
companies has provided informatjomot surprisingly since thismight be something

connectedvith their reputation in theompetitive market
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Industrial robots are extremely complex mechanism and heneppiieation of condition
monitoringfor themdiffers from that of6 s i nrptdtimgdnachinery. This is basically due

to the instantaneous change of geometecaifiguration of the robot arniPreviouslyin

this chapter it has mentioned that there are two apachesto condition monitoring,

which are modebased and moddtee. Either of these approaches acombination of

both has been adaptad industial robot condition monitoring.Filaretov et al. [1999

used a nonlinear model to address problems of fault detection and isofatomplex
systems, such as in roboianipulatos. Algebraic functions were implemented to design

the nonlinear diagnostic observevhich was able to dispense with the linearization in
nonlinear models to avoid model errors. The robotehnd was conductedsing Matlab

in discrete time. It was shown that, despite the fact that the use of this model dispenses
with linearization, it does not allow some faults to be isoldtednother papega modet

based fault detection and isolati¢fDI) scheme for rigid manipulators was designed
which depends on a suboptimal secander slidingmode (SOSM) algorithfiBrambilla

et al, 200§. In order to make the procedure of Ifidssible, an input signal estimator and
output observers were adopted and SOSM was used to design the inpdiorldines
observers. Experiméal work and theoretical simulations were accomplished with a
COMAU SMART3-S2 robot manipulator, and the results showed that the scheme has a
good ability to detect and identify faults. On the other hand, the proposed scheme was not
able to deal with mulple faults in more than one actuator or sensor, and is also neglected

elastic effectsn the robot

Another technique proposed for fault detection and isolation in robot manipuleers

based on a new simplified Ewlkeagrange (EL) equatiorcapable ofreducing the
complexity of the approachMohseni and Namvar, 20Pp9The use of this equation

all owed the wuncertai nttgrmto be hanbtké Moneover, thei | at o
effects of noise and an uncalibrated joint torque sensor could be taken into account.
Simulation was conducted using Mat#8bmulink environment to illustrate the
performance of this method study byCaccavaleet al. [2009 presented an approach

based on support vector machii8¥M) to detect and isotae f aul t i n a rob
using an available dynamic model of the migulator, andtrained SVMs offine to
compensate for unknown dynamics, uncertainties and disturbances. Furthermore, a radial
basis function network was implemented to interpolate unknown actuator faults. Finally,

an investigation was performed experimentally usdognauSMART-3S industrial robot

to check the effectiveness of the approach.
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A modelbased fault diagnosis to detect actuator faults in a robot manipwla®r
introduced byCapisaniet al. [2010. Analytical redundancy waachievedusing higher
order sliding mode unknown inpubservers (UIO). In addition, the designtbg input

laws for the observers was based on the siyesting second order sliding mode control
(SOSMC) approach. Simulation and experimental work was conducted on a COMAU
SMART3-S2 with three links and thrgeints as illustrated in Figure 2.1The esults

were compared with those of previously proposed approach which depends-on sub
optimal second order sliding mode control (SOSMC). It was concluded that the super
twisting approach did not always provide good performance in terms of avoiding false

alams.

Figure 2.17: The SMART3-S2 robot[Capisaniet al, 201Q

Because of the wear hefricion Eewlswil increasecabastudys | o
has beeronducted to consider the problem of wear estimation in standard industrial robot
joints [Bittencourtet al, 201]. A static friction model was used to find the wésarel and

then this model was extended to take account oétteets of wear. The resulting model
illustrates the relationship between friction in the joints and changes in speed, load,
temperature and wear. As a result of the experimental and theoretical work, a wear
estimator was proposed which was able to disisig between wear effects umdarge

temperature variations.

Because precise mathematical models for complex systems like a robot are difficult to
obtain, modefree methods based on Al statistical approachdsgve becme prevalent
choices for robohealth monitoringThe backlash anadbseness in thgower transmission
systemof a robotmaycauseorque variationsHowever, theelectric motoitself generates

what is known as back electromotive forcdEMF) when subjected to mechanical load

making hem acing as a torque transducgyuan et al, 201]. The torque variations
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measurements via current fluctuations on robotic actuators have been applied for robot
monitoring[Abdul and Liu, 2008Yuanet al, 201]. The advantage of this technique, as
early mentioned, to the robots health monitoring is that the motor current can reipeotely
measured along the power cables utilizing standard current sendwut supplementary

instrumentation on the robot.

Some reportedobot fault diagnostic systemarebased on acoustic signasalysis Such
systens would have to be able tdistinguish the correanformation fromthe ambient
noise.Casebased reasoning and signal processing were adopted to build an approach to
diagnosisthe faults in an industrial robot [Olssonet al, 2004. Wavelet analysisvas
applied to remove noise frothe acoustisignals and to exdct the most relevant features,
which were lhen sent to the classification component, which useshasad reasoning to
identify the class of faults according to thkatacteristic of the previous fault cases.
Experimental work on an industrial robot was used to assess the pedermathis

approach, and Figure 2.58ows a schematic diagram of the get

Pre-
Robotsound —* processing

Sound feature
extraction

v

Sound feature S

Diagnosis 4= ciassification Case
library

Figure 2.18: Fault diagnosis stepgOlssonet al, 2004

A microphone was used to gathsound signals from the robot, amawanted noise was

filtered out in a prerocessing stepafter which the important soundeatures were
extracted, and their classification was performed based on previously classified sound
descriptions i n t he case i brary. The au
successfully diagnose faults in an industrial robot based on a lowenunfh previous

e X a mp The same principle was appliemlan industrial robot, butn this occasiothe

ANN was used for noise analysis and classificafigiddirim and Eski, 201]. Noise

sensors withdata acquisitionhardwareand feature extractiorsoftware were used to
preparethe training data fordesigningthe ANN-based noise fault detection of robot

man pul atordéds joints.
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Different types of fault in robot transmission systemsuch as bearing and gear faults
can cause system degradations and thus lead to developniestt wiotion(looseness
Vibration analyss algorithms, which relyon measured vibration signal by an
accelerometer, are often usadd represent the vast majorit§ utilized techniques for
industrial robothealthmonitoring Modal analysis, which can give information concerning
the dynamic characteristics of machines/olves machine vibration measurement has
previously been applied to assess the dynamic characteristics or for fault detection of
industrial robots orotating machineryMa et al, 2007 Liguo et al, 2009. Experimental
modal analysis waugtilized to find the dynamiaharacteristicef a PUMA 560 roboaind

use them taletectrobotsjoint faults [Bicker et al, 1989. An experimental programme

was accomplishedto investigatethe change in the vibration spectra resulting from
induced faults in the transmission of the elbow jaint the robat From the obtained
results the researchers concluded thatklash can influencé¢ vibration response of the
robot elements during normal operatioBst, theslight changeof peakamplitude at some
frequency bands for various backlash conditions was not reliable enough to be used as a
criterion for fault diagnosisAlso, at thereversal of motionthe characteristics of backlash

can be averaged out avihe whole cycle ifa conventional spectrum analysis is used to
process the vibration signature€onsequently the distinct differences between the
signatures for different fautionditions cannot be identifiettcurately

Recently, nodal analysis of KUKAype milling robot has been carried out Glaudiuet

al. [2017. The researchers tried to evaluate the robot stiffness at three diiacentiost
commonly appliedworking configurations as in Figure 2.19The first step in this
researchwas to identify the robot seHexcited frequencies using impact testing (modal
analysis). Then, vibration analysis was condudtest whenthe robotmoving and after
that whilstperformng milling processThe result showethat the robot configurationals

a significant effect on its stiffness, and therefore on its natural frequencies.
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Figure 2.19: The experimental configuration for impact test[Claudiu et al, 2013

In another study of fault diagnosis in rigid link manipulatoa® orine learning
architecture with a neural netwkowas used for fault detection and isolation by monitoring
the behavior of the systefivemuri et al, 1993. A two-link robotic system was used to
show the capability of the neural network in fault diagnoRissults showed that the
learning methodology whiclwvas used can provide a model of a fault via analysis of
input/output properties as well as detectitggjoccurrenceA large acklash level in the
robot 6s | oi nt seriousepmoblanPanet bl.41998 used:vibration signals
during normal operation to diagnose jeb#cklash on a PUMA 762 industriabbot.
Time-domain and frequenegomain analyses were employed to identify features such as
probability and density. Artificial neural networks were theadufor pattern recognition.
The experimental work &s rformed as shown in Figure 2.20ne accelerometer was
fixed on the robot end effector to measure vibration responses. Additionally, different
levels of backlash were artificially contrived in joirtsand 6 to validate this niedd. It

was pointed out that thiechnique could be applied in real working environments, and

moreover it was inexpensive as only one sensor was used totdétext rfaullsot 6 s
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Figure 2.20: Schematic diagram of the experimental setip [Panet al, 199§

Artificial neural networks (ANNs) were used for residual generation and analyzing them
in robotic manipulatorfT e r r a a n d ]. Hor residwgal, anaB/<isPtiree types of ANN
architectures were employed. The first is the radial basis function network (RBFN), which
uses position and velocity residuals to identify faults. The second architattaresesa
RBFN, but itutilizes only the velocity residual, and the third is a multilayer perceptron
(MLP). A comprehensive simulation study of the PUMA 560 yielded results collected
from three joints. It was concluded that the pfadtire control of tle mechanical

manipulator in a hybrid system framework could be included in this work.

Similarly, a technique using only one accelerometer mounted at the robot tip has been
applied for the online fault diagnosis in the 4 Degree of Freedom (DOF) SCARA robot
[Liu et al, 2009. The tip acceleratiowascalculated using a dynamic model of the robot,
and was used as a refece. By comparing the experimental tip acceleration with the
reference, the condition of the robot could be identified. In contrast, another study used
more than one sensor for robot joint condition monitofigndafilova and Van Brussel,
2003. The objectives were to extract the vital features directly from the measured
acceleration signals, and to try to specify defects by finding properties dependent on fault
size. Signals were analyzed from the robot joints without error, and subsequently from
joints having backlashusing nonlinear dynamics and statistical tools. The proposed
system was validated using three robot tympserical robot arm; SCARA robot arm;
revolute robot armand ondifferent joints. In order to simulate robot damage conditions,
three levels of backlash (small, medium, and large) were generated in the joints by
implementing a variety of loads and adjusting the backlash screws. The authors used the

pattern recognition principle with nonlinear autoregressive (NAR) analysis for the
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detection of defect from the data, and acceptgi@rformance was demonstratddhe

same technique applied for fault quantification was less effective, however.

Halme [2006 studied the condition monitoring of servomotors and gears in an industrial
robot using performance criteria monitoring, whishai modefree method. Thistudy

was implemented with a 6 DOFfobot (type Fanue R2 M-6i) utilized for material
handling. This robot has a weighs 290kg, and is capable of moving 6kg with a
repeatability of +0.dhmin space. Acceleration, acoustic emission, and sound sensors were
used i n order to monitor the accuracy of
signatures with signals measured over time, deviations in the performance of the robot
could be dund. However,this method cannot represent an eclectic technique since it
always needs to compare signals with references measured at different times and from the

same production process.

Another research study used wavelet madgolution analysis (WMRAcoupled with a
neural networlbased approach in order to diagnosis faults in an industrial robot
manipulatof Dattaet al, 2007. A Matlab-Simulink environment was used to monitor the
neural network classifieior a robot used inesniconductor fabrication. It was concluded
that the WMRA is excellent for data reduction and capturingrifgoitant properties of
signals, althouglit did not show good performance in distinguishing some of the signals.
On the other handwo neural netarks have been used to propose an algorithm for the
online monitoring of twdink manipulatordVan et al, 201]. This approach focuses on
identifying changes in robot dynamics due to faults. It was noted that this technique was
able to provide estimates of fault characteristics.

2.5Summary

Theforegoingliterature reviewhascovered a variety of topics, approaches, and techniques
applied in the field of CM. The review has shown that twwain categorizes of CM
approaches are available: motialsed and modétee approachedn modetbased CMa
model of the system (or of howig presumed to behave) is created. Then, the predicted
behaviourfrom this model is compared to the actual behaviouth&f machine and any
detected significant deviations can be interpreted as indications of faldltzurate
analytical modelsof industrial robotsare often not practicable and difficult to be
constructed due to dynamic complexity of the robot and unavoidable uncertainties

[Verdonck et al, 200]. Accordingly, modefree approaches based on statadtiand
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artificial intelligence tools are going to be considered for establishing the condition

monitoring system of the robot.

It has also been established thanany different techniques of machine condition
monitoring, such as the analysis of vibration, acoustic emissi@ar and thermal
measurements, afeequentlyused Vibration and acoustic emission analysis represent the
most importanttechniques that haveommonly been applied to monitor the status of
industrial machines, and such methods have been widely studieddaycherdBecause of

the high frequencyange of the acoustic signalSM systems based on AE techniques
require highly specialized, expensive sensors and extremely high sampliggwiaiteh
means aonsiderable amount of data hasbe acquired in dier to detect the exceptional
eventg Ogbonnah, 20QRandall, 201]L Also, due to the acoustic signal attenuation during
propagation, the AE sensors nedbe as close to the source asgible. In cotrast,
vibration signal respondnmediately to manifest itself if any change has appeared in the
monitored machine. Consequently, it provides an easy angffestivesensing technique

to detect faults imachinesandfor this reasorit will be applied for CM of the robot.

Generally speaking, the vast majority of the literature focuses on finding a monitoring
system able to take minimum and precise measurements necessary from machines, which
can give clear indications of incipienufamodes in a minimum time. Moreover, the issue

of feature extraction from data gathered has been a point of debate among many
researchers. In short, to design a reliable condition monitoring system, sensors have to be
chosen correctly in order to getcacate signals from faulty parts, and appropriate signal
analysis techniques have to be employed since these have a significant impact on the

sensitivity of the features exttac from the signals captured.

Recently, the field of the condition monitorid machines has moved from the use of
conventional toAl techniques. A wide variety of Al techniques have been applied
extensively in monitoring very complex and Alamear systems such as industrial robots,
where it is difficult to build accurate mathemcal models of the system. However, eath

the Al techniqus has strengths and weaknesses, and many studies have concluded that
combining multiple methods can give better performance in many condition monitoring
applications. Nevertheless, despite thgdammount of research conducted in the ared of

in condition monitoring, it is still inadequate and regsiisgynificant investigation to be
performed.Artificial neural networlks (ANNs) havebroadly beenapplied in a number of
realworld problems of conderable importance and complexity andlwe utilized in this

researchnot only because dheir ability to handle the highly nelinear relationships that
48



exist between industrial robot parameteus also becaudbeycan deaivith large numbers
of variables and provide general solutions walgnificant predictive accuracfOgaji,
2003.

In the majority of CM systems, with special focus on industrial robots has beemoted

that for signal acquisition, processing, storage and decision making, data acquisition (DAQ)
cards connected to PCs, as their main processing core, were extensively used, which adds
considerably to theostof CM system Recent developments in electronaisd computing

have opened new horizons hretarea of condition monitoring, anchieedded devicesther
promising solutionsand have shown their practicality in fault detection and diagnosis
processes in many a@freas The main aim of using embedded systeis to allow data
analysis, which includes feature extraction and diagnostics, to be carried out locally at field
leveland transmitting the results wirelessibythe base statiomvhich as a result will help to
overcome the need for wiring. Furthermoiteseems that there is a seriou®rshge of
studies applying the embeddéddvices inthe industrial monitoriig field, and thusthey
needto be investigated thoroughlpothby reseechers, as in this thesis, ahyg interested

companies.

The use of indusil robots hasbeenrapidly increased in a wide range of industrial
applications.Therefore, the neetbr reliable fault detection and diagnosis methods for
industrial robotdhas been increased recentijost faults in industriarobotsoccurin their

joints, sincethey have many mechanical and electromechaneats, such as gears and
motors However, n the above reviewed work in the area of industrial robot CM it is noted
that much of the work haseenaimeddirectly atdetectionof only backlash faulin the

gear transmissionystem. This means that othtgpes of gear and bearirigults have not

yet been fully investigated. In this work, an effort to fill part of the gap in the subject of
industrial robot CM by not only detection the backlash fault but also other faults, such as
gear tooth wear and inner and outer race bearing faults, widkbessE using vibration

signal analysis.

In summary the endeavour of the work in this thesis is to build a wireless and intelligent
condition monitoring system for an industrial robot basedmembedded systetapable

of performing signal capturg) analysisfeature extraction, and then fault detection and
diagnosis in realime operation. The adoption of this route ispto contribute to the
concepbof factoriesof-future in the 23 century.
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CHAPTER 3

SIGNAL PROCESSING TECHNIQUES FOR CONDITI ON
MONITORING

Signal processing plays a significant role in building any condition monitoring system.
Many types of signals can be used in the condition monitoring of machines, such as
vibration signals as in this research; amdgessing these signalsam appropriate way is
crucial in extracting the most salient features relatedifferent fault typesA numberof

signal processing techniques can fulfil this purpose, and the nature of the captured signal
is a significant factor in the seleati@f the appropriate technique. This chapter starts with

a discussion of the proposed robot condition monitoring algorithm. Eheonsideration

of the signal processing techniques which can be applied in condition monitigring
carried outto identify their advantages and disadvantages, from wihiehtime-domain

and discretavavelet transfornsignal analysis are selected.

3.1 The Proposedintelligent Condition Monitoring A Igorithm

Robotsare required to perform variety ofdifferent repetitivetasksandare as designed
programmable and configurable machinasd consequently the joints are subjected to
continuously varying loads and speederefore, designing &M systemfor a robot
being adaptable for different robot tasks is challendimdghis work to achieve thisit is
decided taconduct tle robot CM using two stageas shown in Figure 3. he firststage

is only respasible for detection the fault amslperformed duringhe robotmovementor
accomplishingwhateverthe task The vibration signé are capturednd featuresare
extracted using timdomain signabnalysistechnique (as explained later in this chapter).
Then, the features are analysedider to select the most faidénsitive onéChapter 6)
Fromthe extractedeatureshat are elated to theobot healthy statghreshold valueare
calculated in order to be used ashaselinereference using the statistical control chart

(SCC) approach(Chapter 7) which is a technique by which a plant (or process) is



monitored to investigateshether or not the plant remain in contrbhe above mentioned

steps have to be done offline, before running the monitaystemandthe purposeis to
compute the threshold values. If the robotaprogrammedor a different taskthan the
previous, thesame steps are needed to be followedorder to establish different
threshold value$or the new taskDuring the online operation the selectéohos) fault-
sensitivefeature will be calculated and compatedhe reference thresholdhe result of
thefault detection stageill report either the robot is healthy arfault is developindf a

fault is detected, the robot should be stopped and the second stage of the CM system
conductedIn the first stage, the timgomain signal analysis and SCC h&een selected
because they are relatively computationally easy to implement on the embedded electronic
system and the fault category is not known at this stagen a practical point of view,
stopping the robot may affect the whole production line, thasnaintenance team in the
factory should findthe appropriate time for taking the robot out of service for performing

the second stage of the CM system and rmalamtain it

The aim of the second stage of the monitoring algorithm a&¢aratelyidentify in which
joint the fault has occurred andhat is its typeexactly for example backlash, gear tooth
wear or bearing faulfTo achieve thisthe robot will be programmed to move eajdnt
independently in a cyclic movemerithe vibration signals areapturedandanalysedbut
this time using multi-resolution signal analysis technique basedtandiscretewavelet
transform(DWT), since it has been found very appropriate for-stationary vibration
signal analysis, which is the case in industrialbtsbn which the speed and load on each
joint is continuously changing, and can assist in the precise diagnosis of faults, as
discussed lateThen thefeaturesrelated to the healthstate and different fauttonditions
are determinedand used for desigand trainingan artificial fault classification system
using the artificial neural network ANN) (Chapter 7).The established ANNs then

employed for online fault diagnosis (Chapter 9).
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v
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Offlinedesign and training of an
ANN for fault diagnosis

!

Utilize the designed ANN for
onlinefault diagnosis

!

I dentification of the faulty joint
and fault type

Figure 3.1: Descriptive flowchart for the proposed intelligent condition monitoring
algorithm

3.2BasicConcepts @ Signals

A signal can be defined as a function that describes a physical variable as it evolves over
time. Analogue signalssuch as sound, noise, light and heat, represent the majority of
signals in nature. Variations in these signals are continuous over time and the processing
of analogue signals is called analogue signal processing (ASP). By sampling such
continuous signalat repeated time intervals using data acquisition equipment, they can be
converted into discrete format, and the processing of the digital (discrete) signal is named
digital signal processingA discrete signal, on the other hand, has values only affispeci
time periods. The benefits of converting signals from analogue to discrete (digital) form
are that it can avoid the degradation and corruption of the signals. Knowing the type of

signal to be analyzed has a significant influence on the type of artalgticique chosen.
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Subsequently, it is necessary to carefully inspect the various types of signal that are

encountered in practice. Thus, signals can be dedst shown in Figure 3t2low.

Signal
|
2 4
Deterministic Non-deterministic
signal (random) signal

Periodic signal Aperiodic Stationary Non-stationary
signal random signal random signal

Figure 3.2: Schematic diagram of signal classification

71 Deterministic signal If, after a suitable number of measurements, the signal can be
described by an analytical expression and its values can be predicted at any time in the
past and future, then it is called a deterministic signal, such as a sinusoid. A deterministic
signal my be classified as a periodic signal if the change in the magnitude of the signal
repeated at regular time intervals, and if not it is termed an aperiodic Etggiadla and
Beasley, 201JL

1 Non-deterministic: Conversely, nometerministic or random signals cannot be
described by a deterministic mathematieapression and they are more complex than
deterministic signals. By determining their statistical properties, random signals can be
broken down into staihary and nosstationary parts.Therefore, if the statistical
properties of the random signal do nbange with timethen itcan be called stationary

signal otherwisejt is named nosstationary{Wilkinson, 2008.

However, a majority of the signals emitted from industrial machines ardeterministic.
And when a fault starts to appear in a machine the signals monitored tend-to non
stationary in natre. Therefore, a suitable signal processing technique has to be applied to

analyse this type of signal, dscussedn thecomingsectiors.

3.3 Signal Analysis Techniques

After a signal is being captured, a large number of signal processing techniguas can

utilized to extract the most sensitive and interesting features concerning dégds.
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matter of fact, choosing the most suitable method for each specific task represents a major
challenge in condition monitoringsignal processing techniques are sifsd as using

time domainfrequency domain, and tinfeequency domain methods. These methods are
not totally independent, and in many situations they complement each Suhes.of the

widely used signals processing techniques are discusdbd following subsectionsto

establish their suitabilitfor robot fault detection and diagnasis
3.3.1Time-domain signal analysis ¢chnique

The technique used in processing thaaligan be classified as a trdemain method if it
processes a raw signal directly in the time domain without being transformed into another
domain, such as the frequency domain 2004. It is consideredne of thecheapesand
simplest approachesto implementfor fault detection The purpose of timeéomain
analysis is to determine the statistié@htures of the original signal by manipulating the
series of discrete numbeM/ith this technique, howeveonly the fault can be detected
without diagnosing itssource. $tistical parameters such geak value RK), which
represents the maximum amptiuin the signal regardless of sigran be used to give
useful information about the hidden defects represented in the time domain Sigmal

of these parameters are illustrated as shown

Root-meansquare (RMS)is defined ashe square root of theverage of the sum of the
squares of the signal sampl@quation 3.. RMS can baused formeasuring theverall
level of average power in thabration signd [Lihuiwang and Gao, 2006&<im et al,
2007.

YO Y g- O (3.1)

wherew ¢ is the original sampled signal, is the totalnumber of samples, aridis the

sample index.

Crest factor (CF) is a nondimensional parameterdefined asthe ratio of maximum
absolute valuéor PK value) to the RMS value of the signahdis given by|[LihuiWwang
and Gao, 200&im et al, 2007
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60 ——. (3.2)

CF is a normalized measurement of the amplitude of the signal which increases in the
presence of a small number of high amplitude peaks, such as in tHercamme types of

local tooth damage a gearboxThe sensitivity ofCF to the changes in thgharpnssof

the signal is muclhigherthan the RMS value, and it is much less likely to give false
alarms than using the (PK) on its oj#nginet al, 1999.

Skewness $k) and Kurtosis (Ku) are also dimensionless parameseanddenotethe
statistical moments of the sigrf&hin and Hammond, 2008 he distribution shape of the
signal can be described usitige 3 moment or skewness, which is a gauge of symmetry

of the probability density functioPDF)around its meanf the distribution is symmetric,

its value is zeroThe skewness becomes negative if the distribution develdmsger tail

left of the meanand positive if the other way arounddicatingthat something igoing
wrongin the monitored systenas shown in Figre 3.3[Vachtsevanogt al, 2004. The

4™ moment or kurtosis represents a measure of the relative flatness or spikiness of a signal
compared to its normal sta@kewness and Wttosis can be calculated using thikowing

equations:

PR e ‘

v we of (3.3)
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0 (') U (34)

wheredafand, arethe signalmean andstandard deviatignwhich represent the first and

second moment of the signal respectivalgiven by:

wE (3.9
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Every signal distribution has differentikosis values as shown in the Table BOhsy,
2009. The monitored signalisually shows anormal patternwith a kurtosis valueof
approximatel\B if it is healthy. When dault is developed in the systeitihe kurtosisvalue
increases indicating that trsggnalis no longernormaly distributed and herefore, it is

useful in identifying the machine natyidarwala, 2012

Positively skewed Negatively skewed

Figure 3.3: Positive and negative skewneg¥achtsevanost al, 2009

Table 3.1: Kurtosis values for different signal distribution

Type of signal distribution Ku
Normal-peak ~3
Flatter than normal <3
Sharper >3

A substantiahumberof papers have employeiine-domaintechnique to identify defects

in many applicationsZhen and Zhang [20]2andLi and Frogley [201B utilized time
domain analysis todetect faults in wind turbine bearingsand gears respectively
Piezoelectriaccelerometers and capacitive sensors were used to acquire vibration signals
from healthy and faulty bearings. Statistical parameters inchedk value, average,
variance RMS and kurtosis have been edéted forthe bearingsand by comparing their
results, the status of bearing has been foundyeadihough timedomain aalysis has

many advantages, includirggraightforward signaprocessing and simple calculations, it

is relatively insensive tool for early stage faultletection and severely distributed defects
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if used without being combined with othreachine health evaluatigachniquegGhafari,
2007. This was verified inwo otherpapes on bearinghealth monitoringWilliams et al,
2001, Qiu et al, 2003, who concluded thaimost of the bearing fatigue time is consumed
during the developmenbf maerial accumulative damag®ihereasthe period of crack
propagation and developmentdemparativelyshort. The time available forinitiating a
maintenanceaction before acatastrophic failure afteconfirming a defecwill be very
shortif this traditiond techniquds used

In contrast Tsenget al. [2014 and Kamiel et al. [2015 have shownthat utlizing the
statistical process control (or statistical control chart) techniqoedinedwith the time
domain features haveffectively improved the fault detectionprocess but could not
diagnose it. Thus, as it was mentiorgdviouslythat the first tage is in charge of only
detecting the fault, so the combination of tid@main signal analysis with SCC will be
appliedatthis stage

3.3.2Frequencydomain signal analysistechnique

In most applications, signal representation in the time domain is notdseappropriate

since much of the relevant information is hidden in the frequency content of the signal.
Frequency or spectral analysis provides additional information about time series data, and
can be used to explain the spectra of frequencies whishiesthe signal. The parameters

of frequency domain analysis are more reliable in dantg@gnosisthan time @main
parameters. However, tirddmainsignals can be represented by a family of complex
exponents with infinite time duration using Fouriemsforms (FTs). Additionally, any

given timedomain signal can be written as a function of all of the frequencies present
within it using Fourier transforms, whiddlows analysts to concentrate on all or specific
frequenciesThis is achieved by represami atime-domainsignal w 0 by sinusoidal

components with infinite time duratidide, 2001 Kehtarnavaz, 2008 which are given

by:

AN ®oQ Qo (3.7)

where® "Q is the transformed signdl)s frequency, andis time. To regenerate the time
domain signabackfrom the frequency domain signal, an inverse Fourier transform has to

be applied:
57



@O HQQ Q0 (3.8)

However, the continuousme Fourier transform can only be applied to signals of
continuous time and infinite duration. Additionallyy most applicationssignals are
commonly acquired andampled at a specifitequency which is called the sampling
frequency Q, andconvertednto a set ofdigital data pointsandthereforeit is necessary

to usethe dscreteversion ofthe Fourier tansform(DFT) [He, 2001 Kehtarnavaz, 2048

which is:

®»Q wE Q (3.9)

ot & Q0 (3.10)

C:| o

where ® Q and wé denote discrete frequency and time signal respectikebnd n
represent the frequency and time indices, @mepresents thtal number of points that

are equally spaced.

To perform the DFTa large number of complesomputationsare involved This s a
computationallyintensive process and not practical when performing -teaé signal
analysis.Thus an algorithnthatis able tgperformrapid calculatiorof the DFT bygreatly
reducing the number of computationas developed in the early 19g04ohanty, 2015
This algorithmis known as the dst Fourier tansform (FF) and commonly used in
industry for analysing the datdhe FFT algorithmrequiresthe time domain sequence
we to have a length of data points equal to the power of 2; which meanscthat
samples are required wheabeis a positive intege[Mohanty, 2015 Generally speaking,
the FFT is a useful technique for transforming diffit operations into very simple ones,
and for analysing stationary sigaalvhich havespectral conterthatdoesnot change over
time. Also, in many signal processing applications, the Fourier transform represents an
adequate analytic method
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However the Fourier technique can become less effeciveinefficient if the analysed
signal isnon-stationary and transitorwith characteristics that change over tjndue to

its constant time and frequency resolutigiise et al, 2004 Al-Badouret al, 2011.
Furthermoreijt has a major drawback that when it is ugettansforming the signdtom

the time domain to the frequency domain, all of the information belonging to time will be
lost [Al-Badouret al, 2017. Nevertheless, provided that the signals are stationary, the
task of distinguishing faulty from normal conditions based on the d&fTbeaccurately
achieved.This is performedy investigating particular estimated frequencies related to
some component in the machine, such as gears or bearireg$auft has developed in
thesecomponerd, the amplitude of these particular frequencies will change or some
sideband frequenciesill be distributed around thenTherefore, many fault diagnosis
studies using thisechnigue have been published, havegn successfully applied for the
conditionmonitoring of electrical motorg;utting tools bearings and geaftorgulescuet

al., 2009 Ngolahet al, 2011 Hsiehet al, 2013.

Industrial robotson the other handre required to function under a wide range of joint
speeds and variable loading witranlarge working area and varying joint articulation.
Also, thetypical cycle of robot motion starts with an acceleration from the initial position,
then moving at constant speed, and finally deceleration towards the end position, which
means movement at a timarying speedBicker et al, 1989 Panet al, 199§. This
motion makes the robot a highly notinear dynamic system and introducée® non
stationary phenomenan the captured vibration signandthis will be morecomplicated

if a fault is progressed in the robatsinga conventional FFT signal analysis technique to
process such signals wittiansiently nature is not feasible for accuraterobot fault
diagnosis in second stag&herefore, several methods of signal processing have been
developed to cope witthis category osignals, such as joint tirfeequency techniques,

as discussed in tHellowing section.
3.3.3Timei frequencysignal analysistechnique

The signals from faulty parts have a rsiationary nature. However, if the frequency
component ofthe non-stationary signals is calculated using the Fourier transform, the
results will represent the frequency composition averaged over the duration of the signal
[Sawicki et al, 2009. Consequently, the characteristics of the transient signal cannot be
described adequately usitige Fourier transform, howeveaimefrequency analysis has
been investigated and applied for the fault diagnosis of machinery because of its capability

of signal representation in both the frequency and time donji@asickiet al, 2009 Al -
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Badouret al, 201]. This unique feature of timeequency analysis techniques means that

it is suitalle for nonstationary signals. Moreover, tiafiequency methods can give
interesting informationvith regardto energy distribution over frequency bands. A number

of techniques of timérequency analysis, such as the short time Fourier transform and
waveld transforms, have been used for fault detection and diagnosis. These techniques
will now bediscussed to identify the main differences between theanselect the best to

be used at the diagnosis stage
3.3.3.1Short time Fourier tansform

To overcome the limdtions ofthe Fourier transfornmtechnique Gabor introduced a
windowing technique in 1946 known as the short time Fourier transform (STFT). The
STFT algorithm is based on the division thfe signal into small portionsvhich are
assumed to be stationary. Then, a window function is located at the start of the signal and
multiplied together. After that, the Fourier transform will be taken for the result of this
product. Next, this window function is moved to a new segmentefsifinal and the
abovementioned proceds repeatedThis sequencés repeated until the end of the signal

is reachedAl Kazzaz and Singh, 2003As a result, the STFT outlines ttime-domain

signal into a twedimensionalime-frequency representatioifhis can be mathematically

expressed and graphicatigvealedasfollow.

YUY OIQ ®08Q0 tQ Qo (3.11)
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Figure 3.4: Signal analysed by STFTGao and Yan, 2011
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"Y'Y'OBHQ is the Fourier transform of the sigrild which has already been windowed

by the window functionQo with respect to the time shift variabW Various window
types,with each one employed for a particular application, have been developed over the
past decades. For instance, the Hann and Hamming windows are utilized for analysing
random and narrowband signdfSao and Yan, 2011 whereasa Gaussian window is
exploited for analysig transient signalsSelection of the window functionhas a direct
influenceon the time and frequency resolutions of #ralysed signalGenerally superior
separation of thessentiacomponentsvithin a signal can be achievedhigh resolution

in the time and frequency domains is uskdl illustrate the difference betweenFFand

STFT a LabVIEW programmelesigned byehtarnavaz [2008wasused in which three

forms of signalswerecombinedto produce a nostationarysignal with 512input poins.

The forms of the combined signadse a chirp signal with linearly decreasing frequency
from 200 Hz to 120 Hz, a sinusoidal sigeél75 Hz, and an impulse signakated at the
256th sampleandhavingamplitudeof 2. Thecompositesignal and its FFT ahSTFT are

shown in the Figure 3.5
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Figure 3.5: The difference between FFT and STFT for a nosstationary signal

From Rgure3.5it can be observed that in the FFT spectrum graph there is one major peak

at 75 Hz, and also there is an indication of presence of a signal from 120 Hz to 200 Hz.
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However the impulse signal, which has short time duration, cabhaaecognized in the
sped¢rum, although itcan clearly beobservedin the STFT graphat 0.5 gcond which
shows the spectrogram for a time increment aedondand a rectangular window of
width 48 points. Although the STFT provides both the frequency spectrum and the time
evolution of the signal, idoes havea major drawback: it has a fixed resolution with

respect to the time window size at all frequencies, and can be explained as follows.

When the FFT is useitl can be noticed that there is no time resolution, but on the other
hand the frequency resolution is very high. The reason for this high resolution is related to
the fact that the window function uséd FFT covers the entire time interval froh . D
Conversely, the frequency resolution when the STFT is implemented bepooregthan

the resolution given in the FFT, since the window function has a finite length and
therefore only a small segmeat the signal will be coverednlorder to increase the
frequency resolution, the window function has to be wide enough, butvithdtad to
missing time information as well as violating the stationarity assumption which requires
the window to be very small. Accordingly, there is a trafferelationship between time
and frequency in the STFT. A wide window gives good frequen®iuisn but poorer

time resolution andice versa[Polikar, 1996. This i well illustrated in the Figure 3.6

below dependingn the above analysed signal.

256 =
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Time Time .
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c) 64 point d) 128 point

Figure 3.6: STFT with different window widths
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3.3.3.2Wavelet transforms

The wavelet transform (WT) was introduced to overcome the resolution limitation of the
STFT. The main difference between the WT and the STFT is that the former has varying
window lengths, and represents the signal as a sum of wavelets at differenf3ebbttes

et al, 201]. To clearly understand the differences among the-tiegriency resolution of

the DFT, STFT and WT, their tim&equency mapping is compared in Fig®&, from
which it can be seen #t, and as stated earlier, thé&Dallows extraction onlyf the
frequency content of a signal and any information concerning-looaization of the
frequency components is eliminateéthe area of each rectangular box in both STFT and
WT has a fixed valu¢Rajbhandari, 2009 However, in the STFT the ndow has fixed
dimensions in both time and frequency axes which offer a constantframesncy
resolution.In WT the wirdow dimensions are not constant, aviten theheight of the box

is greaterthis corresponds twide frequency bandwidth, which leatts low frequency
resolution, but on the other hand the time resolusamproved Similarly, if the width is
greater a long time durationis covered providingcoarsertime resolutionin contrast to
better frequency resolution. So, the WT behaatiserlike a mathematical microscopas
condensing the wavelatorrespondgo increasing the magnification of the microscope,

whichincreasesnore of the signal detdiRajbhandari, 2009

Frequency

Time Time Time

a)DFT b) STFT c) WT
Figure 3.7: Time-Frequency signal mapping Kehtarnavaz, 2008

Complex sinusoidsre usedn the Fourier transform for signal decomposindgiereasin
wavelet analysis a mother wagefunction is utilized. In Fourier analysis sines and cosines
are used to fit the signal in order to generate aokebefficients,however in wavelet
analysis the mother wavelet is fitted on the signal and then the inner product between the
analysed ginal and a series afaughtewavelets is performed he daughtewaveletsare
generated byscaling and shiftinghe mother waveleby controlling the scaling(s) and
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shifting () parametersScalingthe motherwaveletis equivalentto stretcing or dilating it;
althoughthe wavelet is squashedtime vertical axis if it is stretched horizontb), this isto
ensure that the energgntentin the scaled wavelé$ equal tothe orginal mother wavelet
[Leaveyet al, 2003. In theshifting step,the waveletis movedalong the Xaxis until it
covers the analysesignal entirely, which can be expresseshathematically as follow
[Rajbhandari, 2009

o T
P ower 21 qo (3.12
i i

o "Yth
where® "Yth is the wavelet transformof the signako 6 andf © is the mothemwavelet

(or the transforming function).

The mother wavelet differs frothe infinitesine andcosinefunctions, asit has a finitestart

and finish Mathematically, it can be satfiatthe mother wavelet has "compact support”
[Harpen, 1998 the importance oivhich appears in that when the mother wavelet fit to the
signal, a localised result will bebtainedrather than a global resuh. series of coefficients

that vary with time will be extracted instead of getting a single coefficient for each sine and
cosine asin Fourier analysis, and consequenttile wavelet decomposition can
accommodate the local and sharp changes in the monitored signal; thus it is suitable for
those signals whose spectral con@mngever time.Accordingly, it represents the most
approprate method that can be applied for analysing the expected robot vibrationfeignal

precisefault diagnosisand hence it will be adopted in tiagidy

3.4 Discrete Wavelet TTansform (DWT)

The above equatio(B.12) is calledthe continuous waveletransform (CWT) and offers
greaer accuracy in signal analysispwever, theoretically it is infinitely redundant, which
means a significant amount of unnecessary information is produced when
implemented, and such it is impracti¢&iaourisetal., 200§. The redundancy problem

a resultof the continuous scaling and shifting of the mother wavdlbts increases the
required computational time, power and memory, making the CWT impractical in many
situations,particularly whenapplying re&time wavelet analysis on an embeddgdtem
which is the casbere. 1 reduce required power and time it is appropriate to reranye

unnecessary information and reduce the lpemof wavelets without loss of the essential
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information. The discretewavelet transform (DWT)wvas developed to achieve thig, i
which the mother wavelet is not continuously scaled and shiftedjsbiasstead only at
discrete steps along the signals. By using DW€,original signal is often decomposed
into several signalsaeh witha speific frequency ban@achof which can be handled as an
independent signabn which separate analysis can be implementdtk strengthof the
DWT is that filters with different cubff frequencies are utilized to analyse thensigat
different scales. Firstthe signal is passed through a kpsss(HP) filter to analyse high
frequencies, and then it is passed through agassLP) filter to analyses low frequencies.
Using digital techniques such as this, a tisgale representatiasf a digital signalcan be

obtained

Anothertype of wavelet analysis callabmplex wavelet transform ansl represented by

the dualtree complex wavelet transform. It is an alternate, cormypddéxed extension and
enfancement to the standard DW®nd has impoant properties thatprovides
multiresolution, sparse representation and the capability to reduce the aliasing effects,
which is caused by the overlap of opposirefjuency pasbands of the wavelet filters
[Loutas and Kostopoulos, 201Qu et al, 2014. Two parallel DWTs with different low

pass and higipass filters in each scale arged for decomposition and reconstruction in the
duattree implementation. The two DWTs use two different sets of filters, with each
satisfying the perfect reconstruction condition. However, the drawback of this transform is
that it is exhibits redundancgompared to the standard DWT at the expense of extra
computational power; therefore, it was not considered indtidy due to the expected

computational limitation of the embedded system.

3.4.1Multi -resolutionanalysis using DWT

Generally speaking, by usinge DWT, a multresolution analysis can be performed at
different frequency bands with different resolutions by decomposing the time domain
signal[Debdaset al, 2011, Sawickiet al, 2009. Two sets of functions aremployed in

the DWT, called the wavelet function and the scaling function, which are associated with
theHP andLP filters respectively. At the first level, the original signa¢ is decomposed

by passing ithrough both of these filtemnd emerges as two signatésch ondravingthe
samenumber ofsamples as the original sighahd are termed as coefficients order to

keep the total numbaeaf coefficientsin the produced filtered signaéxjual tothe original
signalsampleghey are then dowesampled by a factor of, dy keeping only one sample

out of twosuccessive sampleBhus, the extractedsignalcoefficientsfrom theHP filter and

after down samplingare called the detailcoefficiens of the first level &'O. These
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coefficients containthe high frequencyinformation of the original signal, whilst, the
coefficiens that are extracted from th&P filter and after the den sampling procesare
called the approximation coefficiens of the first level @6 . The low frequency
information of the signal is hidden in thesecoefficiens. This can be expressed

mathematically apvivaset al, 2013:

®»'0Q wt 2'Q¢Q ¢ (3.13)

0wdQ wE 2°QcQ ¢ (3.14)

where' Q¢ and"Q¢ are the highand lowpass filters respectively. Aftabtainingthe
first level of decompositiorthe above procedure can tepeatedigainto decomposes 6
into another approximation and detail coefficeenasarticulatedin Equations 3.15 and
3.16[Vivaset al, 2013. This procedurecan becontinuedsuccessivelyntil a predefined

certain levelup to whichthe decomposition isequiredto befound

®0Q wd £ 200 ¢ (3.15)

~ ~

wo'Q (:) 0O £z "QCTQ £ (3.16)

where ®'0Q and ®0Q are the DWT coefficients at leveél and ®0 & is the

approximate coefficient at leval p.

At each decompositioreVel, the corresponding detail aagproximationcoefficients have

specific frequency bandwidths given byt for the approximationcoefficiens

C

&6 and © O

c for the detailed one & ‘O where "Ois the sampling frequency

[Sawickiet al, 2009 Vivas et al, 2013. However,at every level, the filtering and down

sampling will result in half the number of samples (half the time resolution) and half the
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frequency band (double the frequency resolutidkiso, dueto the consecutive down
samplingby 2, thetotal number of samples in the analysegnal must be a power of 2
[Ghods and Lee, 2014By concatenating all coefficients starting from the last level of
decomposition, the DWT of the original signal is then produced, and it will have the same
number ofsamplesas the original signalA schematicdiagramillustrateshow the multi

level decompsition is performedshown in Figure 3.8The number of decomposition
levels isidentified by thelowestfrequencyband needetb be traced, and liigher number

of decomposition levels are required if very lfn@quencybandis investigated. However,

the highestdecompositionlevel that can be achieveds up to thatthe individual details

consst of a single samplgMisiti et al, 1997.
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Figure 3.8: Multi -level signal decomposition using DWT

Once the approximation and detail coefficientmre computedio different levels of
decompositionit becomes possible to reconstruct #pproximation and detasignalsat
each levelin order to extract features, such as standarcti@v and mean, related toe
frequencyband in each level Eachsignal however,will have the same number of
samples as the original signal but watdefinite frequencyband This can be achievdaly
up-samplingthe approximation (or details) coefficieritg two, since they wereroduced
previously by down sampling by, 2nd thenpassingthem through high and lowpass
synthesis filters For instance, to reconstruct the approximasamnal of the firstlevel
0p , just the approximation coefficients at this level are requinedaavector of zeros is
feed in place of the detalil coefficients. Similarly, the fiestel detail signal'Op can be
constructed using the analogous proc&s® concept of signal synthesising is illustrated

in this figure:
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Figure 3.9: Reconstruction the approximation and detail signals with zero padding

3.4.2Selection the ptimum mother wavelet

There areavailable a numbeof commonly used wavelet families for performing the
DWT. Any discussion of wavelets startstiw"O cwvavelet, which is the first, simplest,
and resembles a step functidhowever,to find the optimum wavelet function for this
research, aurvey has been conducted taoverthe different types of mother wavelets
researchers have used for the purpose of ffaljnosis Some examples of common
waveletsfamilies previously usedre Daubechies (dbN)Coiflet (ifN) and Symlets
(symN)(Figure 3.10, whereN is theorder number in the wavelet familjSawickiet al,
2009 Elbarghathiet al, 2013. The N value also identifies the number of filter
coefficients in each wavelet omjefor instancethe waveletdbN and symN have 2N
coefficients in each ordeGenerally, the use of different wavelats analyze the same
signalwould lead to different results, and to date no generic theoretical procedure has
been published describirgn how to select the optimum wavelet fam[liankaret al,
2011, Karthikeyanet al, 2012 Loutas and Kostopoulos, 2012
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Figure 3.10: Examples of mother wavelets

The selection in many cases is achielgdrial and errorindeed, the wavelet function is
considered appropriate for analyzing thignal under study if there is a significant
similarity between the signal and mother wavéhgui et al, 2013, and based on this
severalquantitative methods have been proposedneasure the similarity between the
signal and the mother wavel&or exampleBouzid [2013 has proposed calculating the
cross correlatiomoefficientbetween the signal and the mother wavelet. The wavelet that
maximises this coefficientonsidered as theptimum mother waveleSo, a important
questionnow raisedis which wavelet family should be utilized for analyzing the robot

vibration signalsn the second stage

From the reviewed workt has beenobservedthat the majority of researchers are
performing either off or online condtion monitoringusing PC platformsin this case

there is no need for conceabout computer temory or processing powesince they are

designed for conductingaunting taskssuch as thisin this researchhowever, it is

intended to achieve on chip wdaee analysisin conjunction with intelligent fault
classification systemand thusthe above mentioned factors need to dmrefully
considered Therefore,t he number of waveletods filters
specific wavelet familjhas to becounted Some wavelet functions, such@ds 0 or sym7

have mag coefficients in their filters, whiclwill raise the execution time required for

reattime wavelet analysis because tfe increased computational burden tre

embedded systenmAlso, higher oder wavelet function will generate higher number of
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coeffidents from the analysed signals that may case exbeeavailable system memory
[Chenet al, 2009a Loutas and Kostopoulos, 2012

The mother wavelet selection has been limited to the lower order faamkkkence there
is no needo apply furtherquantitative methodas theremainingoptions are very few.
Daubechiesand Symeletfamilies are recognizedas very effective in vibration signal

analysis and havearious wavelet ordershus, n this projectD a u b e ¢ decordo@er
(db2), which is the same &ymeled second ordersfym3, has been selectell has four

filter coefficients and Figure 3.11 shows the low and high paskecomposition and
synthesis filters extracted from the Matlab softwébdracted featuressing this wavelet
showedhigh sensitivity to different robdiaults as will be explainethterin Chapter 6.

Decomposition low-pass filter Decomposition high-pass filter
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Figure 3.11: Filter coefficients of Daubechies order 2 (db2) mother wavelet

3.5Summary

In this chapteran intelligent condition monitoring algorithaomposed of two stagdisat

can be used for robot fault detectiffirst stage)and diagnosigsecond stage)as been
proposedAn outlineof threeconventionalignal analysistechniqueghat are commonly
utilized in developing condition moniioag systems has been provided, in order to choose
the appropriatéechniques for the robdault detection and diagnosisiese techniques are
time-domain, frequencyglomain and joined tim&equency domainThe advantages and
disadvantagealong with abrief theoretical backgrounidr each methodvere discussed.

Time-domain analysis represents the simplsgjnal processingechnique; itcanprovide
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an efficient fault detection performance if it is used with other fault evaluation methods
Subsequentlythis will be used in combination with statistical control ch§8CC)
technique in the first stage for robot fault detection.

Frequencydomain signal analysis based fast Fourier transforn{FFT) is avaluableand
widely used technique for analysing signals tieate spectral contetitatdo not change
over time (stationay signals) but its effectiveness is reduced if applied for analysing
signals thathave characteristicsvhich change over time (nestationary signals). The
limitations in Fourier transform have been overcobye using timefrequency signal
analysis techniges such as short time Fourier transfd@®TFT) and wavelet transform
(WT). The main advantage of thetehniques ovethe Fourier transforns their ability

in revealing the nostationary and randornomponentswithin the signals of interest.
However, STFT is based on fixedndow sizewhich means ithas fixed resolutioffor all

the frequenciesin the signal, whichis not appropriatewhen a nosstationary signal is

investigated.

Wavelet transformrepresents an efficient method of thitequencyanalysisand was
introduced to surmount the drawback of the ST§ilce it uses variable window size to
get high frequency resolution at low frequencies and high time resolution at high
frequenciesBy applying wavelet analysis, the signal can be analylmun to its sub
band frequencieandit is increasingly being utilized for fauliagnosisHence, it will be
adaptedin this thesisfor analyzing the robot transitory vibration signats order to
diagnose the fault in the second staaus,more focushas beemlaced orexaminingthe
practical use of th&/T asan efficientsignalprocessingechniquefor healthmonitoring.
The differences between the continuowavelet transform(CWT) and the discrete
wavelet transform(DWT) are discussedand it was concluded that DWT is more
appropriate to be implemented, along the with intelligent classification system,amsing
embedded systenBefore it is applied using the embedded systepreliminary robot
vibration analysiswill be undertakenn Chapter 6,jn order to extracthe salient signal

featuresand use them for designing the intelligentbeddedystem.
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CHAPTER 4

PUMA 560 ROBOT AND ITS DYNAMIC
CHARACTERISTICS

This chapterdescribeshe PUMA 560 industrialrobotic systemthat will be usedas the
demonstratorthroughout thisproject; highlighting its main components and how the
interact with eachtber. VAL Il is a programming language utilized withe used robotic
system, hencencluded in this chapter is a brief synopsis of some ointipertant VAL I
commands that are nemtlito programme the roboteferentto the projectin order to
design a reliable monitoring system for any machine, sainits characteristichave to be
known such as machine naturflequencies Thus, the robot natural frequencies are
obtained and utilizetbr preliminary health evaluatioand fault detectionTo obtainthese
frequenciesan experimental modal analysi€EMA) is performed which consiss of:
exciting the robotand thenmeasuringwhat is calledfrequency response function (FRF)
between the excitation amésponseThe FRF measurement is normally achieugsing
specific software ¢ find the natural frequencideom it. Explanationof the EMA theory
and how FRFs are calculatedsedmeasurement equipmeand software setupfor the

experiments aralsodiscussedn this chapter

4.1 PUMA 560 Industrial Robot - General Overview

The PUMA 560 robotic manipulatoproduced by Unimate, isnaold (>25 years) but
functional multi-joint robot and was used in thgsoject, due to the availability e spare

parts that are required for simulationtbé different faults(asdiscussedn Chapter . It is

a PC controlleg serial manipulatodesigned for use industrial applicationsand hassix
revolutejoints/degree of freedom (DOF) withree major axis of motio(X, Y, and Z) and
resembles the human arm i n f @&adcuatéedbyoanDC E a c |
brushed permanent magnet servo md@asitioning of the end effector, which is normally

a device fixed at the end of the robotic arm, is achieved by the coordiétibe first



three joints, which aremamed waist (joint 1), shoulder (joint 2) and elbow (joint 3),
allowing the robot to maa the end effector into any position with maximum reach of 1m.
Orientation of the end effector is important when it approaches its final positichiamni
achieved using three wrist joints (4, 5 and 6) where the tool can be independently
manoeuvred. TBigives the robot six degrees of freedasishown in Figure 4\here the

name of each joint with its maximum range of rotating is indicd&kttromagnetic brakes

are equipped with the first three joints (waist, shoulder, and elbow), which lock thesmoto
to prevent collapsing when the power is removed from the [Sladgieteret al, 2003.

WAIST 320°
(JOINT 1)

SHOULDER 250°
(JOINT 2)

+
Shoulder / zg ELBOW 270°
\ &

(JOINT 3)

Y = e
/ V Ty l‘.",/\)
\ \‘ X
/ WRIST BEND 200°
\

W ~"--,\ + _(JOINT 5)
/\. \\ \\\
Trunk A
\, ‘-.x/" FLANGE 532°

(JOINT 6)

Upper arm

WRIST ROTATION 300°
(JOINT 4)

Figure 4.1: PUMA 560 Robot member representationgRutherford, 2012]

The control unit of the PUMA 560 is the most importpart of the robotic systenit
controls all operations of the manipulator and any connected device. There-waywo
communication to each of the jogntotors where sensory infoation on position and
speed is fed back to the control uni t ; ou
requirementsExternal digitalinput/output ports are available allowing other sensors and
actuators to be controlled from this unlthere @ a number of ways to position and
orientate the manipulator eneffector; but generally, one method is used at a time.
Connected to the robot control unitagseach pendantused to manoeuvre the robot around
the workspace via different modes.j&t mode, each individual mot can be driven one
at a time produces roti@gonal motion of the limbsn clockwise or anticlockwise direction.
In world mode theend effectolis moved in a straight line along X, Y and Z axes, relative
to the world coordinates,which are fixed on the base of the rgbot moving tool
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coordinatesOnce the operator is satisfied with thied effectorposition and orientation,

then this can be stored within the control unémoryby giving it acode name

All the operations runninghrough the control unit are programmed using VAL I
programming language, which was developed for PUMA rol@xsiplex programs can be
developed by combiningomecommandss uc h as 0 wa,iwithd conalittodal 6 mo v
st at eme nt-thens LU sAsiNplesVAI Il programme below demonstrates this; the
function of each line in the programme is shownthe {} brackets, but would not be

included when writing a VAL programme.

1 SPEED 20 ALWAYS {Set the arm speed to 20% monitor speed}

2 OPENI {Open gripper jaws}

3 IF SIG (1001) == 1 THEN {Ifinputsignal Lequaltd t hené}

4 MOVE PICK {Move to position Pick}

5 CLOSIE {Close gripper jaws}

6 MOVE PLACE {Move to position Place}

7 ELSE {1'f signal 1 not equal t o
8 MOVE EMPTY {Move to position Empty}

9 END {End of the program}

To enable realime control, VAL Il has the ability to interface with exterrdevices.
Through theavailablel/O module the control unitmay issue commands to the devices or
accept data from them. The module is organised as a set of 32 output lines (OX) and 32
input lines (WX), with each line having its own address. To monitompat line the
address must be preceded by 10 in the programme code (se@lithe Zibove codeHigh

and low voltages on the lines are considered by the system as logic 1 and O respectively.

This facility has been used inighthesis.

4.2 Modal Analysis

Modal analysis is gechnique taestimatethe natural frequencies afynamicstructures and
their associated mode shap#étscan be performedsingtwo approaches: computatiohal
and experimentdf. In the first method, which isalso known as the anaigal (or

theoretical modal analysis, thdynamic behavioufnatural frequencies and mode shapes)
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of the structurds obtained from itsnathematical modahrough the numerical analysis
Finite elemenimodelling(FEM) iscommonlyutilized to investigate thelynamic behaviour
of structure. For instant,a researchwas undertakerio theoretically study the dynamic
characteristic ofKUKA robot [P UP | Zet al, 2014. The three dimensionafobot
modellingwas done using computardeddesign (CAD) software antthe modal analysis
was performed using ANSYS FEM softwar®©ther researchwas also applied modal
analysis approacbhased onANSYS softwarefor gearbox fault diagnosifLiguo et al,
2009.

In the experimental model analysiEMA), also recognizedas nodal testing, an
appropriateexternal excitation forceis applied to the structureand simultaneouslyhe
structurevibration responses measure@nd analysed to extract the modal parametdrs
relationshipbetween the input and output (the excitation and respamsiescribedusing
what is knownas the frequencyresponse functioifFRF), as discussed in the following
section There aretwo commanly appliedexcitationmethodsn modal analysisthe impact
type by using an instrumented hammer with a force transdudts tgt, and the random (or
sinusoidal) &citation type byusing an electromagnetsthakerdriven by asignal generator

In term of its usedzlosegui [199% conducted an experimental modal analysis of a PUMA
560 robotwith the main aimis to find its natural frequenciesn the area of structural health
monitoling (SHM), modal analysis has begffiectively used to study the effects of a crack
in a structure on its natural frequencifgsl-Kafrawy, 201]1. The researcher applied
experimental and theoretical modal analysis to validate the results.

In this chapterEMA will be applied to determine the natural frequencies ofRb&MA

robot. These frequencies can bidized for condition monitoring of the robptas their
valuesaresubject to change if a fauk presentn the systemthis is discussed i€hapter

6. However, toobtaina | | the robot 6s n awasaccarhplisheovéhg u e n c
the robotin different configuratiosand in threeaxes (X, Y and Z)as explained later.

4.2.1Frequency responseauhction (FRF)

Frequency responseriction (FRF) is defined as the ratio betwetbe systemresponsdo
its excitationforce, and represents the outcome of the modal anallys&n be calculated
by dividing the Fourier transform of the resporis® on the Fourier transform of the

excitationw 0 , as showriMohanty, 2015.
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where’0 "Q is the FRF andd "Q and® "Q are the FFT of theo 0 andw 0, respectively.
However, toobtain anoisefree result the FRF can lestimatedby dividing the cross
power spectrum ofexcitation and respongg€Y "Q) on the autepower spectrum of the

excitation("Y "Q), as follow
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(4.2)

where™Y "Q and (Y "Q can be formulated in Equation 4.3 and 4.4 belovis the

measured time record, add is the complex conjugate af "Q.

Y Q %w QM "Q (4.3)
Y Q %oo Q0 'Q (4.4)

The peaks in the FRF correspond to the natural frequencies of the .systemb find the
natural frequencies of the PUMAG0 robot, an experimentalmodal analysis will be
performedto find theFRF In this testthe robot will be excited in X, Y and directions
usinganimpact hammerwhich is easier to excité¢he robod saturalfrequenciesand by
using itthe robot does not need to bmountedon a shaker[Brandt, 201]; the responses
from the roboin the three axearethencaptured usingnacceleromete This analysis can
be accomplished usirdifferent dedicatedzommercidly availabledata acquisition systems
for vibration and modalanalysis, along witliheir driver softwareFrom the peaks othe
established FREhe r obot 6 s ncantbe extaattedhe asnplitudes assodased

with the natural frequencies represent the ensggyired to excite these modes.
4.2.2Coherence

In modal analysis it is important to check if the captured resperisem the impact force
or if it is noise To this end theorrelationbetween the response and the excitation signals
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can be checked. This will also helpigdentifying where to locate the acceleromeber the

robot to get an accuratemodal result Accordingly, for data quality assessment, the
coherence functiom the frequency domaii  "Q) can be usedyhich shows how much

the output is connected to the inplits value ranges from zero to one, where a value of one
corresponds to a perfeobreelation between the impact and the output signaltlaec is

no influence of noise, whereasro means no coherency. The coherence between the input

and response signals can be calculated with the following forfuaianty, 201%:

. Y Q
TR v arv g (45)

4.3 Description of the Measuring Equipment

In the EMA measuringequipment provides the required input and output data. To give a
better understanding of the experiments, the measuring equipwignh consis of: an
impact hammer, an accelerometer and a dynamic signal anadysetescribed in this

section

Impact hammer: this device producean impulsive excitationforce that causes the
structure to vibratdollowed by free decay of vibrationThe hammer contains a force
sensor mounted on its striking face to measue much forcas applied tathe structure
The force sensocontains a piezoelectric crystal that generates chasge result of the
deformationin its shape, due tthe impact appliedJsuallythe impact hammdnas ahole

at its striking head for using aariety ofimpact tips (soft, medium, and haraiydalsoa
removable extra mass secured on the other side to increase the input force mafgimgude
main functions of the tip ar® transfer the fice of the impact to the sensand also to
protect sensor face fronachage. Selectingsuitable tip type is very important for accurate
modal analysis; howeverme hardness of theanpact tip andthe addedextramassto the
hammerinfluence the excitation frequency bandwidthhammer with ehardtip excites a
wide frequency spectrum bandwidtwhereas a scetipped hammegeneratesoncentrated
excitation energy ira low frequencyband Here a PCB integrated circuit piezoelectric
(ICP) impact hammer model 086C@3at hasits own built in charge amplifiehas been

used. Its sensitivity is 2.25mV/Nand its massand length arel60 gramand 216 mm
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respectively The hammercan beconnectedto the data acquisition analysethrough a

standard BNC jack connector.

Accelerometer: the dynamic responsikom the structure, due to the applied impast,
measuredusing a piezoelectricaccelerometeraccelerometersre the most popular and
most commonly used imodal analysis applicationg/hich their working principle isalso
based on the deformation inetrshape of theiezoeletric crystal. A single axisICP
accelerometer typ®CB 352C68has beerutilized to measure the acceleration from the
robot in different axes. Thiategratedamplifiers in the accelerometend impact hammer
aredirectly fed from the signal analysérhis accelermeter hasa standardsensitivity of
100mv/gand measurement range is 0.5 Hz 10 kHz. The accelerometezomes with a
standard stud mount, which would require drillingl aemipermanent attachment toeth
robot arm In order toavoid drilling the arm the accelerometers were mounted using an
additional bracket, which is attached to the mounting stud on the accelerometer. This
bracket allows for wax or any otheradhesive to be applied to the bottom of the

acelerometer in order to affix without modifying the tested structure

Data Physics Quattro analyser:for data acquisition, the Data Physics Quattro, which is a
USB poweredvibration and sound analyser, has been used. This analyser offers 4 channels
analogue input up to 54 kHz, and can be connected to a laptop using USB Zafalliser
samples the voltage signals coming from the acoeleterandthe force transduceand
converts them into equivalent acceleratiomnd force depending on the sensitivity
information of the sensarsalso, it has the capability to power ICP sensbos vibration

signal acquisitionand analysisghe SignalCalc 24Grom Data Physics Corpwhich is
especially designed to work with the Data Physics Quattro analyser, has been used. The
experimental setup for this agais is shown n Figure 4.2 The dataheetsfor all

aforementionedlevices are provided in Appendix A.
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Figure 4.2: The experimental set up

4.4 Experimental Considerations

A robustresult from the EMA depends on numladifactors, including, but not limited to,
the used testing equipmesetting of the utilizedlynamic signahnalysersoftwareandthe
skill of the person doing the experimenihe following subsections discussome of
parameters that need to be consdgrrior to conducting the modal testing.

4.4.1Settings of SignalCalc ACE software

The frequency resolution, which is coupled with the number of measurement lines,
represents the firgtarameteto be set in the software. Higher frequency resolutigulies
longer timemore data, and large data size; tausompromise needs to be made. For this
analysis, the number dafpectrallines has been set to 64d@ies. Hence by using the

following equations the frequency resolutidiO can be determined.

o Q
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.0
YO = (4.7)

where™Q is the maximum frequengyvhich is assumed to be known and its value is set
based on th@eumber of modes tbe captured 0 is the number osamples and™Qis the

sampling frequency. The sampling frequencgignalCalcsoftware is always given by:

N B EQ (4.8)

The triggeralso has to be setaerectly, which refers tothe sourcehat initiates the data
collection processMany options can be set in the software, butrtiwst appropriatéor

this analysis is théput option wherethe impactforce from the hammer acts as inpat

trigger thedata acquisitiorat each impact, after mich N samples are acquiredo increase

the accuracy of FRF measurement, the effects of random errors has to be reduced. These
errors can be because of the contaminated noise or induced by the person who is doing the
experiments. However, averagitige measurements represents a very useful method to get
reliable resultsSo, after the signals are capturbd wftware then computes the autnd
crosspower spectra, an@dds them to a cumulated averaDédferent types of averaging,

such as peak hold, panential, and stable, can be set up in the software. In this analysis a
stableaveraging methods used by whicha preset number of constituentsse summed

each one is weighted with equal importance and thenatlegage is automatically
normalized to e number of constituentecently acquired [DataPhysics, 2096 The
software also hathe cgpability of halting after the time-domain signahasbeen collected,

but beforebeingincluded in theaveragefor a manuainvestigationprocess where the user

candecidedwhetherto include or reject the current impact in the averaging.

The response signal frohe test is a free decathat has to approach zewathin the
observationtime interval; however,a leakage in the signalsay occurif the measured
signals do notlecayto zero. Therefore, to minimize the effects of leakage, thasored
signals are multiplied by a window function before they are transformed to the frequency
domain. The software has different window types, but for transit signals the appropriate one
is the rectangular window [DataPhysics, 20Q6 Since the impulse signakxcites the
structurefor a very shorttime period, it is importantto makesure thathe entire impulse

and response signakre capturel. In SignalCalc softwar@ pretrigger delaycan be

specified which allows theanalyseito begindatasampling before the trigger point occurs
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A plastic hammer tip is choseasit wasfoundthatthis delivers adequate energy to excite
frequencies within the bounds of intereSinally, the person doing the experiment has to
ensure that the impact axis is parallel to the accelerometer axis, and also there is no double
hit, which may occurdue to the strcture flexibility that bounce back at the hammer
[Brandt, 2011

4.4.2Measurement system calibration

Calibration canbe conductedn one ofseveral waysComparisorwith a reference standard
device, that is considered to be more precise thha instrument being calibrated
represents e most common calibratiompproach [Mohanty, 2015 However, the
accelerometeused herewas purchasedspecifically for this researchand wasalready
calibrated wheeas the impact hammer abdita Physics analyserere several years old
Thus, to test the measurement system accuracy prior to utilize it on the robot, modal
analysis was performed to find the natural frequenciesnople cantilever beam test rig.
The idea of this procedure is tmathematicallycalculate the first four natural frequencies
of the beam, based dhe beamtheory[Wahab, 200B and th@ compare them with the
experimentally establislked onesfrom the testrig. As observed in Table 4.1lthe
experimental andheoretical results are identical, presentimagmaximum percentage
discrepancyof 1.26% at thedth mode The small differences between the result can be
attributed tothat the theoreticdly calculated frequenciesre based oran assumption that
one end of the cantilevieam is properly fixed, bum practicethis may not be always the

casedue to thdlexibility and dampingn the support.

Table 4.1: Comparison between the experimental and theoretical natural frequencies
of a cantilever beam

_ _ Error between theoretical and
Mode Theoretically Experimentally _
experimental result %
1 64 64.06 0.09
2 400.9 400 0.22
3 1122.4 1120.31 0.18
4 2199.6% 2171.8 1.26
4.4.3Coherency checking

In orderto have areliableresult fromthe hardwareand softwardghe selection ofesponse

measuring position should be made properly. After conducting thefundamental
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experimentakettingsand validationjt remainedto check if the signato-noiseratio (SNR)

is sufficient; established byexamining the coherenctinction that is measured from
different accelerometer location® pre-modal analysistesting was carried out to
investigate tk best accelerometer locatiofhe coherence assessment has been done for
three different a c c el eneaotmthd rebotowsist, kellbow,aahd o n s
shoulderas these | ocations 9sodhetrespomse wilhpmoperlyo b ot
propagated through them giving good sigtmahoise ratio The accelerometewas also
attached td¢ he r ob ot @ was found thisthe nolsau gercentage in the captured
signal was veryhigh, and the coherence was very lowome of results of coherence

function are shown in Figure 4.3

From the results it was observed that, in comparison to the elbow and shoulder locations,
when thesensor is located at the first location (near to the wastshown in the
experimental set up in Figure }ihe coherence gets very higkiso, in selecting the best
position to put the accelerometer ravtly hasthe coherence to be checked, but also the
number ofexcitedmodesfrom that position the higher the number of modes the better the
accelerometer location.i$hus, from the preliminary result it was established that a higher
number of modes were captured when the accelerometer near to the iatmama
therefore will be usedGenerally|f a structuras excited in a point locatddrtherfrom the
sensor, the coherence will be very poor; therefore, the point of impact has

alsobeenselected carefully.
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Figure 4.3: Coherence functionwhen the accelerometer on differentocations
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4.5Results of FRF Analysis

Since the arm robots are configurable machittesy havedifferent structural stiffneges

for different configurabns, and consequentlysome frequencies apar in one
configuration anchot in anotherSq, the FRFanalysis was carried outvhen the robot in
four different configurationandwhenthe accelerometer is near to the wnghich is the
best established response capturing locafldtrese configurations represent the standard
configurations of this robptasshown in the Figure 4.4n the first one the upper arm is
horizontal and the forearm is hanging dowime second is callestretchwherethe entire
arm is straight and horizontathird is the robotero position which is same athe first
configurationjust the forearm is u@nd the last one is known as tleadyposition where
the arm is straight and vertid@orke, 2011

PUMA 500

PUMA 500

Configuration 1 Configuration 2

Configuration 3 Configuration 4

Figure 4.4: The tested robot configurations
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Before conductinghe modal testing was observed that there is a dithering problem in the
robot structure when the arm powerois and does not move. Ehcan be related to the
joint motors which produce the required torques to hold thestatic An FFT analysis
was a&complished to investigate if the robot contrsystem excitessome natural
frequencies or not; it was established that tlaeeano significant frequencies that need to
be considered in the spectruRurthermore, before achieving modal analysis on thetrob
structure, the FRF was establishadhe base of the robot, fond its natural frequencies
and monitor them if they will be excited when the robot arm is impattediever, the
base natural frequencies watiscovered to b&ery high in comparison to the robot arm

frequencies, and therefore they were not detected when the robot excited.

To measure the FRfor the robotin X, Y and Z axesfirst the accelerometer was puat
line with X-axis and the test was conducted, aftbich it was fixedparallel to ¥ and Z
axes and the FRF procedure was performed, respectivElyery time the test
wasperformed, thémpact direction was keen to beline with the accelerometer, in order
to excite just the frequencies in the directiohimterest as the displacement is being
maximizedin that direction Also, prior to doing the final tests several trials were
performed in order to locate the best excitation point that gives the best coherence between
the input and responsand was foundhat it is best to hit the structure at the elbow (joint
3) area The Figure 46 shows the FRF results when the robotconfiguration 1 The
extracted natural frequencies from the FRF analysis whenrdbet in different
configurations are shown in tA@able4.2
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a) X-axis

L

b) Y-axis

C) Z-axis

Figure 4.5: FRF of the robot in configuration 1
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Table 4.2: Estimated robot natural frequencies when it is at different configurations

Natural Frequency
1St 2nd 3rd 4’[h 5’[h 6’[h 7’[h 8th 9Ih

Configuration | Axis

X 125 | 27.37| 42.2 86 110.6 | 1156 | 356.25( ------ | -----

Y |66.87| 806 |356.25| 414.4 | s | coe | oee | o |

Z 125 | 2737 | 422 | 53.75 | 66.87| 86 1156 | - | -

' X 9 125 | 1719 | 422 86 | 110.6]| 1156 [ ----- | -----

Y | 125 |17.19] 2737 | 422 | o | e | o | e |

z 12.5 20 66.87 86 110.6 | 115.6]| 130.6 | ------ | ------

X 9 125 35 80.6 86 | 110.6| 1156 | ------ | -

Y 125 86 110.6 | 115.6 | 130.6 | 1975 ----—- | - | -

z | 125| 35 | 6687 80 | -er [ e | e | o | e

X 125 | 2737 | 422 86 110.6 | 115.6| ----- | - | -

Y 12.5 20 27.37 35 86 97.5 | 110.6 | 115.6| 130.6

z | 422 |6687| 1975 | 356.25| - | e | ooe | e | e

From theabovetableit can be seen thabmefrequencies appear in one configuration and
not in another; for instancéhe frequency 356.28z can beobservednly when the robot

in thefirst and forth configurationwhile the 414.4Hz frequencywas detectednly in the

first configuration. In contrastther frequencies, such as 12.5 Hz, 66.87 Hz and 86 Hz,
emerged in all of theestedconfigurationsDue to the torsional stiffness of thertsmission
systems indusiil robots have flexible joints, antld effect ofthis flexibility accompanied

with the gravity fieldis clearly presentn X and Z axes, where higher number of lower
natural frequencies are excited especially in the first thwdigurations in these
configurationsfewer frequencies were excited in-akis, asit is outside the effect of joints
flexibility and gravity field. In the fourth configuration fewer frequencies were stimulated

in Z-axis, since thapplied torque due to the robot mass will be neglected as the centres of
the arm and mass aceincident It can be concluded that the technique of using different
robot configurations has helped in extracting most of the robot natural frequencies. The
order (®quenck of the frequencies will be selected depending on their emersion in the
table ad from lower to higker frequency regardless of the configuration since during
performing a task the robot configuration is changimgfantaneous)yexciting diferent

frequencies Also, to validate the results, the natural frequencies fidlosegui [199%
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research, which used the same robot but different excitation method and configuration,

have beemnitilized for comparisonas shown in Table 4.3

It can be seefrom Table 4.3 thaa higher number of frequenciese excitedn the current

study with acceptable correlation between the resdite difference between thresults
maybe because of the eixation method, the method of mounting the robot orgtioeind

the robot configuration in the previous stumhytheage of the robofThe robotusedhere is

very old in comparisonto the same robot model in 199% has been obserdefrom
previous reseah conducted in the area of robot modal analyte, robotshave been
configurel in arbitrary positions, and their natural frequenegsacted The disadvantages

of that ar e: firstly not al | the robotds
frequencies might be not accurate, and finally it will be difficult for otlesearcherso

obtain the same resudtfrom the same analysis on tkame robot. Consequently, after
doing this test, it can be said that the frequency response analysis can be undertaken easily

by using the above procedure to find the natural frequencies of any robot.

Table 4.3: Estimated robot natural frequencies compared to another paper result

Estimated PUMA 560 Estimated PUMA 560
natural natural natural natural
Mode : . Mode . :
frequencies | frequencies from frequencies | frequencies from
(HZ) [Elosegui, 1994 (HZ) [Elosegui, 1994
1 9 5.46 10 86 80.32
2 12.5 12.67 11 975 | -
3 1719 | - 12 1106 | = -
4 20 20.12 13 1156 | -
5 27.37 25.23 14 1306 | = -—---
6 35 | 15 197.5 158.69
7 42.2 40.14 16 356.25 | @ -
8 53.75 51.08 17 41425 | -
9 66.87 67.21 | - | e e
4.6 Summary

A general overview of the usedPUMA 560 robot along with itsVAL programming
language wamtroducedin the first section of this chaptdollowed bythe backgroundo
experimental modal analysis (EMA) and howcén beemployed to extract the system
natural frequenciesncluding the use ofrequencyresponse analysis for fault detection
The test equipment, setup dhe data acquisition #wvare and measurement system

calibrationwas explained.Considerations, such as finding the best locations to excite the
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robot and measarthe vibration response on the robot structure, weliscussed To
correctly identify therobot natural frequenciesnodal analysis was carried owfith the
robotin four different configurationsThe establishettequenciesvere compared witkthe
results of another research study, which utilized the same robot model but different
experimental setupand an acceptable coelation betweerboth resuk was observed,
giving some confidence itme current findingsThese frequencies may be applied for robot
fault detection as it will be investigated in the coming chapiérs.procedurelevelopedn

this chapter could badopted to establish the dynamic characteristics of other industrial

robots.
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CHAPTER 5

ROBOT HARDWARE , TRANSMISSION FAULT SAND
DATA ACQU ISITION

In this chapter joint threef the PUMA 560 robot was selected to simulate different
transmissionfaults The mechanical construction of this joimtas comprehensivg
assessed to establish its assembly/disasselligcussion about different types falults
that may appear in the o i gea and bearingss alsoincluded and the phgical
simulation of severalfaults with different severitiesin the gearbox of the selected joint
are presented-or vibration analysis suitable accelerometereed to be selected, and
where to locate and attach ibn the robotare important, therefa an optimum
accelerometer locatiowill be identified and fixed Data acquisition software based on
LabVIEW graphical programming and Matlatas designedusing National Instrument

hardware.

5.1 Mechanical Construction ofthe PUMA 560 Elbow Joint (3)

As stated inChapter4, each joint in the robot is actuated by a B@ishedmotor and a
transmissiongearbox and consequentlyfaults can progress in different components of
these jointsHowever, due to the limited time of the PhD study only one of the robot joints

(joint 3 - elbow)is considered for simulating different fault types onBh&MA 560robot.

From the literaturét has beerestablishedhatthe elbowjoint (joint 3)is the met critical
joint in the PUMA robot and consists of twestage gear train systerithe mechanical
construction of thigoint is illustrated in Figure 5.1The gear train is housed in the end of
the upperarm andconnectedvia a drive shaftand compliantcouplingsto a DC motor
housedat the top of the upper arm(Figure 5.1a)The flexiblecouplingsare there t@nsure

a smooth transmission of motion whigermitting some mechanical misalignment and
relative movement between thetorandthe geatrain. A bevelpinion on the input shaft
mesheswvith a bevel wheelixed on one end of an idler shaRigure 5.1bA spur pinion at



the other end of the idler shaft engages witbpar wheel fixed to the forearmvhich
rotates the forearraroundthe elbow axisA number of bearingareused to carry the input
and idler shaftsAlso, there are two external bearingsed tosupportthe forearm in the

upper arm.

Joint 3 motor

Drive shaft

Upper arm

Compliant coupling

Spur wheel

Forearm

Figure 5.1a: Schematic diagram of joint 3 (Elbow joint)

: External
Idler shaft bearing Idler shaft bearings
> / /
Input shaft /
bearing Bevel whee I/ [
Input shaft
Bevel pinion
1%
Upper arm 2
F i \
Spur pinion g 1 \
] A}
‘
e \
\
Forearm Spur wheel

Figure 5.1b: Arrangement of the bevel and spur gear#n joint 3
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5.2 Gears General Overview

A wide range of types and sizes of gears are used for different machinery. Gears usually
operate in pairs; allow power to be transmitted from one shaft to the other without slippage
and the direction and speed of rotation of the driven shaft to be chartgegair gears

may have the same or different teeth number; the gear with higher teeth number is called
the wheel or gearwhile the one with fewer teeth is the pinion. Speed of rotation is
increased when the gear drives the pinion and decreased when the pinion drives the gear.

Thus, the speedhtiois given by:

s of 08 GRTROGIN0S
d A oerg 0 wono

(5.1)

The most common frequencies associated with gears are known as gear mesh frequencies.
These frequencies are calculated depending on the number of teeth and the rotational speed

as in the equation:

"OQE@ QTR QR 6 QQGIH QL Q' QQO (5.2

The main gear types are demonstrated in Figure T2transmit power between two
parallel shaftspur gears, which have teeth cut parallel to the shaft, are Tiseskgears
produce only radial forces on their beasmgd no axial forcefRadzevich, 2012 Helical
gears are similar to spur geéns their teetharecut at a helix angle, whiobnsureghe load

is transferred progressively along the length of the taatidistributed @er a larger tooth
area than in spur geaiBoth axial and radial forces are imposed on the bearings of helical
gears, due to their teeth nmtingparallel tothe carrying shaftBevel gears are conical in
shape and commonly uséar transmitting paver bdéween intersecting shafts; most often
the angle between shafts 90° Bevel gearslsoimpose bothaxial and radiaforceson
their bearingTeeth in bevel gears can be straight or cuwgpimoidto produce spiral bevel
gears, which are smoother and geiein opeation than the straight beveM/orm gears
allow power transmission between twerpendicular shafthey are screvike gears and

usually meshed with spur or helig@ars.
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b) Helical geas

-

c) Bevel gears d) Worm gears

Figure 5.2: Main gear types[Childs, 2014

Generally, ypical quality requirements fothe majority of industrialgears are: high
efficiency, low backlash large redation in few stepslow friction, high torsional stiffness
andlow weight[Pettersson, 2008All the gearsused in thdPUMA 560robot ae of type
spur and bevel gears. Thamber of teetlandspeed ratios in joint 3 are presented in Table
5.1.

Table 5.1: Number of teeth in the gears of joint3

First stage Second stage
parameter (Bevel gears) (Spur gear)
Pinion Wheel Pinion | Wheel
Number of
13 96 11 80
teeth
Speedratio 7.38 7.27
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5.3 Transmission Eror in Gears

Transmission errofTE) i s defined as fAthe difference
out put gear and t he position It woul d
[D.B.Welbourn, 197P TE is consideredo have avery strong correlation toesulting gear
vibration and noise[Hiroaki and Nader, 2012Henriksson, 2009 Several different
techniquesnd instrumentbave beepreviouslyused to measure gears transmission errors,
such as strain gauge on the drive shaft, torsional vibration transducers, magnetic signal
methods, tachometersptary encoders systems and tangential acceleroméiteesTE
conceptis illustratedin Figure 5.3 and its value can be calated using Equation 5.3
[Hiroaki and Nader, 2012

YO Y 53
where— |, — andyY Y areangular displacemesiand pitch circle radiuses

of pinion and gear, respectivelyheoretically,when two gears meslhhe rotation of the

output gear would be a function of the gear ratio and input rotation, if these two gears have
perfect involutes and an infinite stiffness. However, gears will noynmait have a perfect
involute shape because of unpremeditated modifications, such as manufacturing errors, and
intended shape modifications. Additionally, there will be a motion error of the output gear
relative to the input gear due to finite gear medifness. In short, there are three main
sources fo TE: the elastic deformation of the geamand associated components, gear
geometrical errors andounting errorgHiroaki and Nader, 20]2Also, varying gear mesh
stiffness unequalload distribution at geamesh and changeable loads at the meshing
position causedly output loadsire another sources for TBrahim, 201].
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Figure 5.3: Explanation of transmission error

5.3.1 Mounting errors

In this subsection the mounting errors that magcurin the transmission system jafint 3
will be discussed, however, these errors can be generflizetther gearboxesn order to
introduce some faults the robot gearbox, as will kexplained latein this chapterthe
transmissionin the elbow jointwas dismantled.In addition tounavoidabletransmission
errors mounting errors arpossibleif the gearsare notcorrectlyinstalledon reassembly,

andthus care is required.

Gears meslkproblems,such aspoor teeth contact, high noise and vibration, cannot be
avoided if at least one of the mating gears isaootectlymounted and, factorsincluding
misalignment of shafts, clearances in bearings and eccentrittitig®r influencethe
contact pattern ahe geateeh. Forexample in Figure 54 which is a schematic diagram
for joint 3 gearboxif the centre distandaetween the spur gear pdecreases, the backlash
value also decreaseand may result in interference which will peat thegearsfrom
rotatingproperly Furthermorethe accuracy othetwo parallelaxeswill be composedf a
parallelism error and shaft offset error, which wilhfluence the tooth contact in the tooth

rotatingdirection.
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Figure 5.4. Schematic diagram for the kevel and spur gear set joint 3

For spur (and helical) gears, as explained previously, the best meshefar segnormally

requires onlycorrect adjustment ohe centre distance and shafts parallelism and no further

adjustment is needed. However, becabsdevel gears are conical they can be assembled

in an almat infinite number of positions and spite of these positiorteatmay satisfythe
desiredbacklash value, thegnay still performpooily. This makes thechallengeof bevel
gears adjustment quite complicatdd. the practiceall types of bevel gears have an
optimum position defined by the conic intersectiorwhich provides theoptimum
transmisn performanceThe manufaturer determines this positidoy running a number
of tess for each individual gear paising marking blueand permanentlyndicatesit on
the gear surfacep ensure smooth running and optimum load distidoubetween matip
bevel gearsand alsoparameters, such a@xial mountingposition shaft angle, and shaft
offset, have to be taken in the consideration.

Bevel gear munting dstance(as shown in Figure 54 ihe disfance from a locating
surface on the back of ope ar t o t he cent r[&asillewski, 169
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This represents the most important parameter for proper operation, and normally its
optimum value canbe established experimentally by undertakingwanber of gear
rotationsto find the best contact patterin most bevel gear pairs, the pinion mounting
position has a larger effect on the contact pattern than the wheel poRMasilewski,

1994, and two types of errorpfsitve and negativeare associated with mounting
distancesas illustrated inFigure 5.5[KoharaGearindustry, 2015 When the error is
positive, thepinion contactpatternwill move towards the tooth root, while the contact of

the mating gear will move toward the top of the to@bnversely, the contact of the pinion

will move toward the top and that of tigear will move toward the roat the mounting
distance of the pinion has a negative error. These errors can be corrected by axial
adjustment of the pinion and wheel gearswideer, mounting distance error will cause a

changean backlash; positive errancreass backlashwhilst negativebacklashdecreasgit.

) ] Gear
Gear ,
p /7
7 Negative error ~ ,”~
Positive error 4 il
’ ’ * e
> | s /
> L RO | o I
Lz ] 1L ¥
’ * N # D :,\
F P < # 1 S
. I k P g | NN
7’ ! N 4 | Ny
s | WD % BB
/ W 4 | NN
’ ! W z | \
1 \ g i N
. R
Pinion ¢ i~ Pinion ¢ l
I

I

Pinion Gear Pinion Gear

Figure 5.5: Positive and negative mounting distance error

Figure 5.6shows anothecategory of mounting errors called shaft angle eribrthe shaft
angle error is positive, the tooth cocttavill move toward the toe end, whitbe tooth
contact will move toward the heel end if the shaft angle error is ned&igere 5.6a)
Shaft alignment or offset errarccursif the pinion axis des notintersect withthe gear
axis;however, a crossed contact will be producetief gears havan ofseterror, as shown

in Figure 5.6.
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a) Shaft angle error b) Offset errors

Figure 5.6: Shaft angle and dfset errors in bevel gears

5.4 Common Gear Faults

The main fault types im robot geaare similar to thoseoccurringin gearboxegHalme,
2009. When a gear is working under highlad condiions, failures tend to occuncalised
faults in gears tend tevelop rapidly once initiate@dndthe earlier identification of a gear
failure gives a clear indication abopibtential problems in the system prior to failufe.

summary of the main ge failures iprovided for completeness

5.4.1Backlash in gears pair

Backlashsd ef i ned as it he ciwerlang Hanks ef thdteethwfeaagear t h e
pair when the wor ki fBytishfStandaréd, 200aHigh backlash c o n t
between gears teeth can lead to reduction in system stability, high impact force and
genera@ undesired vibration and noisehich together will decrease the accuracy and
repeatabiliy of the robot.However,it is not recommethed to totally eliminatdacklash
between gear teethsit is essential tavoid interferencebetween the mating geaasdto

provide better lubricatioof the tooth surfacesTwo methods can be followed to achieve

the desiredclearance, the first of whicls to reduce the tooth thickness and the second
method, which ighe most common, is tadjustthe centre distance between the shaft axes

of the meshed gears Bpur and helidagears or by adjusing the mounting distancan

bevel gearsas explaine@arlier in5.3.1[Sommer, 2011Wasilewski, 199 This can be
achieved byusing antibacklash geargrecise mechanical design, which is the case in the

robotunder study.
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Later in this chapter, in addition to the backlash fgoint 3 requiresdisassemblingn
order to simulateother kinds of faults in the gears and bearirigformation related to
centre distance ithe spur gears and mounting distance of bevel gaasot provide by
the manufacturerandthe degreeof backlash that gives the best gear meskpur and
bevel gear sets hamt been providedl'he robot manual does not includeocedure of re
installing hese gears makes the problenredfettingthese gears back vecpmplex since
the mentioned parameters are vital for gear mesh adjustireeavercomethis problema
considerable amount of timgas spent practicing assemblingint 3 using a sare faulty

robot
5.4.2 Scuffing

If the oil-film between the gear teetireaksdown, scuffing failure, which is a mode of
tooth surface failure, will occur, and allowing metal to metal contact leading to a localized
welding. Overloading, misalignment and high operating temperatereonsideed the

main causes of disruption of tbd-film. When the scuffingccurs the tooth surfaces will
appear slightly rough, dull, and torn in the direction of slidiigyilyurt, 1997, as shown

in Figure 5.7

Figure 5.7: Scuffing in gearteeth [www.novexa.conh

5.4.3Abrasive wear

The presencef hard material, such as fine metal particles or sand, in the lublézals to
abrasive wear. During the normal operation of the meshed gears, the teeth are separated
from each other bw thin oitfilm, however, if a particle with dimension larger thtdre

thickness of the oifilm and hardness near or above the hardness of the gear tooth surface
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passes through the mesh, the tamihfaces will be affected.hE resulting damage is seen

as grooves on the tooth surfaces in the direction of slj@ngth, 1983 Yeyilyurt, 1997.

5.4.4Pitting or surface atigue

Pitting is asurface fatigue failure happens whthe contact stresses exceed the fatigue
tolerance limit ands indicated by the development of cavities in the contact zone of the
gear teeth as shown in Figure 5.8After a certain period of operation with repeated
variation of load, surface fatigue cracks (or pitting cracks) will be initiated. These cracks
propagate until they intersect other surface cracks, and finally a small area of metal on the
tooth surface wilspall off. After that, pitting will spread rapidlgn the tooth surface as the
remaining healthy areas must carry the extra load which is previously supported by the
damaged areas.

Figure 5.8: Gear tooth pitting [www.novexa.conp

5.4.5 Tooth breakage

All gears failures which have been discussed up to now represent progressive failure types.
That means during the progression of the failure the gear set will continue transmitting the
power. However, tooth fracture is the most insidious mode of gearefalnd leads to

either impairment of the drive system or instant loss of serviceability. Bending fatigue
represents thenost common cause of gear tooth fracture. That is becadfighe cyclic
bending stressintroduced during power transmissig@nocess dudo repetitive loading
However, when this stress exceeds the yield strengtheafear material at the critical

section, near the tooth root, a small crack will initiate and pinepagates rapidlyntil part
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(or the entire toothbreaks off. As a restllthe remainingpart of the tooth will have to

withstand a greater cyclic loadirgnd issusceptible to further breakald@adzevich, 2012

5.5Rolling Bearings General Overview

Rolling element bearings represéne most commonly used component for minimizing the
friction between stationargnd moving parts of angotating machine Depending on the
shape othe rolling elements, bearings can be classiiig eitherball or roller bearings
[Juvinall and Marshek, 201.2The main components inllatypes of rolling element
bearingsare therolling elementsan inner ringgace,an ouer ringrace and a cageThe
inner race is usually mounted on the rotating shaft of the machine and so it will be in
rotation with the shaft, while the outer raceisiallymountedon the stationary housing of
the machine andoesnot rotate; and this is the case in joint 3 of the robot. The raceways in
the inner and outer race in which the rolling elements are moving will have differerst form
depending on the shape of the rolling elements (ball or roller). The cagedgo keeghe
rolling elements separated at afjdistances and thus preventsesired contact and from
rubbing against each other. The load in bearings isfénaiad via the rolling elements, and

in ball bearingss transferred via the ballsver a verylimited point contactareabetween

the inner and outer races. Consequetiity arecarryinglower radial loadcapacitythan

that of theroller bearing, where the rollers transfer the load \ddine contact with the
racewaysRolling bearingarealso further assified based on their load carrying capability
into: radial bearingsvhereby the load is primarily carried radially; thrust or ak@htact
bearings whereby the loads is only carried axially; and angolaact bearingsvhich
carry combined axial and radial loadsuvindl and Marshek, 2012 However, allthe
bearings in joint 3 of the robot are of tygeepgrooveball bearings; this type of bearings
can support radial load as well as axial |pddrnoy, 2002 The bearings types arnbeir

components ardlustratedin Figure 5.9
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a) Deep groove hll bearing b) Roller bearing ¢) Thrust bearing

Figure 5.9: Different types of rolling bearings [Harris and Kotzalas, 2007H

5.6 Common Rolling Bearing Faults

Faults in bearing can occur at two different stages and because of different reasons.
Factors such as inappropriate design, misalignment, overload, or contact corrosion
represent the most common causes that may develop distributed faults, suajhassou

and wavinesst the early stage of their service life. In the second stage due to wear, fatigue
or intrusion of contamination material localized faults, such as pits and spalls, will be
progressedTable 5.2providesa description and images of some ocoom bearing faults,
however, a comprehensiwvaluationof different rolling bearing faults wh their cases can

be foundin a book authored biarris and Kotzalas [200fandon the Emerson Company

website(http://www.emersonbearing.com/technitablbo).
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Table 5.2: Fault types in rolling bearings[Harris and Kotzalas, 20073

Fault Type and Description Fault photo

Corrosion pitting (rusting): this fault happens i
there is anoisture or corrosive material in or entg
the lubricantmaking it nolonger provides adequal

protection

Pitting due to electric current passing through
the bearing: this fault happeng applications that
use electric motor, as in the robotSlectrical
current may pass through the bearing if it is
electrically insulated. This will lead to generati
of tiny pits; progression of them, due to continu(

operation, causing corrugation of the surfaces

Indentations: this can be developellecause o
mechanical shocks, hard particle contaminates
may enter to the free space in the baring and
get trapped between the rolling elemergad

racewaysor due to agsnblemisalignment.

Micro -pitting: if the lubricant film between the
contacting surfaces in rolling bearingss
insufficiently thick the surface asperities come in
contact with each othdeading to highfrictional
shear stresen the surface. This will cause plas

flow of surface material and so pits dretsurface.

Surface-initiated fatigue: cracks on the surface
contact will occur if thecyclic stress exceeds tl
endurance strength limit of the material. The crg
will propagate until they meet leading to remg

tiny spall from the surface.
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5.7 Rolling Bearing Characteristic Frequencies

If a faultis progressed in any of the four mdearingcomponentsiue toany of the failure
mechanismsa highlevel short duration impulsivéorce isexperienceceach timeone d
the balls rolls over the flanand causethe naturafrequencies othe bearing components
to become excitedeach time[Shrivastava and Wadhwani, 2Q12Because of this
phenomenon, ainique frequency characteristic is generatém each of the bearing
components depending evhether theault exists onthe outer raceway, inner raceway or
on therolling element These frequencies can be employeddetection of bearing faults
andthey arecalculatedbased ortheb e a r i n g 0 sand pE@atmmMalespeedkinematic
considerations These frequencies can indicate whamponenis failing in the bearing;
therefore,the calculation is very usefulThe mathematicalnalysisfor calculating these
frequenciess presented in thisection, but the specifialues will be alculated in the next
chapter. Thesdrequencies are commonlysed for the health evaluation ofotating
machines; therefore, the purpose feproducingthem hereis initially to explore if it is
possible to detect them on the robot udinge-frequency signal analysis and secondly for
preliminary robot health evolubn. Figure 5.10below shows the different positions of
localized defects in rolling bearings.

Outer race fault

Rolling element fault / Inner race fault

-i_

Figure 5.10: The main types of faults inbearings

Consider arolling bearingmouned on a rotating shaftith a general configuratioand
bothouter and inner races rotatingigure 5.1) at constant speetls and| , respectively.
The different fault frequencies that may occur in any roligment bearing stam are
found using Equations 4.to 5.7 These equations assume pure rolling contatiers are
equal in diameteand no slippage between the bearings and load producind Raafiall,
2011.
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Outer race \<U\

Figure 5.11: General bearings configuration

Though, the fundamentadain (or cagé frequency (FTF)and ball spin frequenc{BSF),
which are related to the faults in the cage and rolling elements, are:

wyrry P 6 Qo éli 6 &oéli
A L 54

., 6 8¢ |
YO — - - 5.
4] & 1] p z (5.9

where0 is the pitch diameted is the ball diameter, and is the contact anglélhe
frequency at which any rolling element passes a specific point on one of the races is called

the ball pass frequency. So, the ball pass frequency of outer race (BfRF@p ball pass
frequencyof inner race (BPFI) are

- 0 8&véli
0 L 0L —8] 1 8p v (5.6
v or 0 8uéli
00U OGC—81 1 8p —5 (5.7

where0 is the number of rolling elementslowever,for most of applicationincluding

this robot the outer race is fixed in the housifig.] M and the inner race rotates at
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the same speed as the shatt.compute these frequencies, the specificatiohs t he r o b

bearingsare neededhusthey are presented in Table 5.3

Table5.3: R o Ibeatingsspecification

Parameter I nput shaft bearings | Idler shaft bearings
Outer diameter (D) (mm) 24 28
Bore diameter (d) (mm) 9 12
Width (B) (mm) 7 8
Inner race diameter (dy) (mm) 14.4 17
Outer race diameter (D) (mm) 19.8 23.2
Ball diameter (mm) 3.4 4.75
Pitch diameter (mm) 17.1 20.1
Number of balls 7 8

5.8 Fault Simulation in the Robot

It is accepted that the best way to introdadault in the robot is by operating the robot to
execute aspecifictask for a considerable amount of timetil a faultis developedThis
method, however, has not been followadhis work primarily becausdat may resulting
otherjoints of the robot faihg. Secondly,it is time consuming in a time restrictetudy.
The faults that will be introduced here aret truly representational of refdults in the
robot, since ina practical situation thenajority of faults in gears and bearingse
progressive However,this methodologyhasimportant advantages such different types
of fault can be produced in different components of the Pig¢arbox andhe degree of
fault severity can beontrolled Three types of common gearbox faults are introduced in
joint 3 of the robot; how these faultse simulated and their locatiom the gearbox are
discussed in the followingulsections.

5.8.1Backlashfault simulation

The input and idler shafts in joiBtarecarried insi@ the robot structure using llmw and
eccentricshafts. here are threslotson the surfaceof these hollowshafs, as shown in the
Figure 5.12 utilized to adjust the backlasmithe bevel and spur gears pdiwo of these
slots, diametrically positionedre usedfor changingthe centre distance in the spur gear

pair andfor changingthe mounting distancef bevelwheelgear and are usetb varying
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the backlash in each gear.sehese changes can be achibgdusingadaptée grub-screws
which fit into the slotsThe circumfrentional sloin thetwo shaftsis used to adjust these
gears axially to control the comtapattern between meshed gears, amtnplished using

aneccentricgrub-screw,shwon in Figure 5.12.

Three levels of backlashvereintroduced in the spur gears, starting from vieigh level
(large clearancebetween the gears 0.92 mm), thenintermediatdevel (smallclearance=
0.8 mm) andinterferenceg(0.56 mm), where in the healthy condition the backlasi®.68
mm. It was found that a total of approximately five gisdrew turns are required to move
from high backlash level to interference level. Aldepending ornthe shaft and grubcrew
dimensions simple calculations was done amedtablished that ewe one screw turn is
roughly equivalent to increasing or decreasing the backlash by 0.072Thimis an
importantfinding, since it helps tgeta preliminarily indication about the number of turns
requiredto simulatedifferent backlash values in thisetsis as will be shown in the coming
chapters.The interferencecaseshould not develop during the normal operatioh the
robots, but it couldoccur if the gear meslare assembled/adjustedhcorrectly after
maintenanceThe optimumbacklash setting was firstcorded beforentroducingany fault
type on the robqgtusinga dial-gauge indicatqras shown in Figure 5.18ndeachtime the
backlash value is calibrated with respect to thgginum value using the sam

measuremertechniqugBicker et al, 1989.
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Axial movement
grub-screw

Diametrical
grub-screw

The axial movement
grub-screw and slots

Spur pinion
Eccentric

Idler shaft top view

Figure 5.12 Input and idler shafts and their backlash adjustmentgrub-screws

Joint 3/

Dial gauge

Figure 5.13: Robot backlash measuremeniBicker et al, 1989
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5.8.2 Geartooth fault simulation

Four different severities of faulare artificially simulatedon the pinionbevel of the first
stage in the gearboxith only onefault presentat a time The pinion bevel is very small
gear(Figure 5.1%; therefore the fault simulation wadifficult to achieve usingpecialized
machines; g, faults were createthanuallywith the help of a skilful technician using a
miniatureDremeldrill. Thepinion bevelgear waselectedor faults simulatiorand not one

from the other gears is explained as follow.

In general the small sizedf pinions make their teetiveakerin shape than the gear teeth
and alsothey will be subjected toa larger number ofaccumulatedfatigue cycles
[Radzevich, 201P As a resultin practice they are moreisceptibleto damagethanthe
wheels Moreover,from experiencé hasbeenconcluded that dismantling amdassembly

of the entire joint3 of the robot can be accomplished, but the correct mesh between mating
gears is notguaranteed This also was advised in the robot user manual, whereby the
manufacturer suggestezbntactingthem if a serious backlash problem has developed.
Unfortunately, he manufacturedoesno longer support or prode industrial robotsThus,

it was consideretetter to introduce the faults in the bevel pinion as it is easy to dismantle
andreassemble with correct meshingth the bevel wheelAll faults have beemtroduced

onto the sameear and on the same tooth, and eticte a fault introduced, the bevel
pinion must be taken out from the robwitodified and thennstalled back forobot testing,

data collocation and analysiEirstly, simulation of wear on theentire toothflanks is
introduced, andhie other three faultypes involveremovinga percentagé&om the tooth
depth, i.e.in the second faulthe tooth depth is reduced by2&%, then by a 50% and
finally the whole tooth i€ompletely removeth the It stageThesefaults can be seen on
Figure 5.14
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e) Tooth completely removed

Figure 5.14: Pinion beveltooth faults
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5.8.2.1Effect of gear faults on vibration severityn the robot

It is anticipated that the level @fbrationwill increasewhen gear backlash ¢ooth faults

are introducedpecausethis will decreasehe contact ratidoetween the meshed gears
which is definedas te averagemumber of teeth in contact as the gears rotate together
[Juvinall and Marshek, 201.2To understand the effects of simulated faults on the contact
ratio, it isparamounto see how this ratio is calculated and based on which parameters. For
this purpose, a schematic diagramved meshed gears esentedbelow.

Backlash
& Addendum

Workingdepth

Addendum NN
circles A AR W

\\\\\\

Clearance
Whole-depth

Base circle

Figure 5.15. Schematic diagram of two mating(spur) gears[Qu et al, 2014

Theaddendumand c&edendunmarethe radial distaneeof a tooth from the pitch circle to the
top and bottomof the tooth respectively The total height of the tooth is known as the

whole depthSo, the contact ratio can be computefUasinall and Marshek, 201:2
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wherei andi are the addendum radii of the matipigion andgearrespectively(the
addendum radius definedas the distancom the tops of the teeth of a gear to the gear
centr;i andi are the base circle radii of the mating pinion and gear (theradies

is defined aslistance fromHe base circle to the gear aento is the distance between the
centres of the mating gears is the pressure anglé; is the cicular pitch of the pinion
gear known aghe distance measured on the circumfererid@e pitch circle froma point

of one tooth to the corresponding point on the next todibre detailedcalculationand

concepts regarding gears can be founduvinall and Marshek, 201.2
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Generally the operation of the gears will be smoother and quvatargreater contact ratjo
while they aresusceptible to interferena€it is reduced As previously discussed if the
backlashis increased, the centre distan@e between the geais increased too and vice
versa, sat can be inferredrom Equation 5.8hatincreasinghe backlashvill decreas¢he
contact ratioand thushigh noise and vibratiomay resultfrom therobot By contrastan
excessive decreass backlash i.e. interference, can also lead an increase level of
vibration. Furthermore simulating a tooth ut on the pinion geawill cause a decrease in
the termi i until it reaches zero when the tooth is completely removed; and it is
obvious from the equation that the deeper the cut the smaller the contadjivatgrise to

higher the backldsand greatemoise and vibration at this point of mesh.
5.8.3 Bearing fault simulation

In Figure 5.1b(see page 90)t can beobservedthat the input shaft isupportedon two
bearingsof the same typel'he one located on the riglatljacento the bevel pinion, is used
for the bearing faults simulatior-rom the figurat mayalsobe concludel that theapplied
load on thesetwo bearings is not equally distributesb, for future studies researchers can
investigate thanfluenceof the faultybearing location on fault detectabilitifortunately,
after dismantling the robot jointwasfound that identical bearingse stillavailableanda
number ofNSK bearings type N60&erepurchaseand utilized for faults seeding.

Two fault types arereatedin the bearing, inner and outer radaults, using arelectrical
discharge rachining (EDM)technique. However, due the small size of the bearingt
was not possibléo dismantle the bearing, in order to introdueball fault without
damagingit, which alsoaffects thefault size controllability of the inner rac&he seeded
inner race faulhas 1mm width, extendng along the bearing width and as deep as the
thickness of the inner rac&aults of twodegrees of seerity are introduced on theuter
race of the bearing. Both of them are circular in sh&xended along the outer race
thicknessand havel mm and 2nm diameters, respectivelyhe purpose of this variation

in the outer race fault size is to test the proposed system in distimguibiei severity of
different bearing faultdsigure 5.16shows thénealthy and the three faulty bearings.
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Figure 5.16. Healthy bearing and three faulty bearings with different fault types

5.9 Data Acquisition Hardware for Preliminary Vibration Analysis

To study the robot vibration behaviour when it is healthy anth different faults
simulaked, apreliminary vibration signalcapturing and analysis sep was carried out.
The vibration signals will be acquired usinthe selected hardware discesk in the
following subsections, antthe gathered signals are analysed using software dedigsed
on LabVIEW gaphical programing dgeliberated in Section 5.10The result of this
preliminary analysis will be presented in tfwlowing chapter andwill also be used in
Chapter 7as an aid talesigning the intelligent condition monitoring system.

5.9.1Accelerometer

Accelerometersire electromechanicalevices that convert the mechanical signals, such as

vibration aml force, to electrical signals, amagle an extensively used ftault detectionin
many machines because dfeir accuracy, robustnesand sensitivity Selecting an
appropriateaccelerometer and the ways mounted on a machine asggnificantfactors in
determining the success of aggndition monitoring programMisleading data can be
produced if a unsuitable accelerometés selectedfor the machine under study an
appropriateoneis mountedin anincorrectlocationon the machineThe major parameters
which need to be considered for accelerometer selectiofSanba, 201t sensitivity,
range bandwidth, fequency esolution, eliability, accuracy operation environmenand

cost.
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MEMS (Micro-electremechanicakensory accelerometers compared withthe
conventionalpiezoelectric accelerometerspnsume less poweare small in size, light
weight, low costand can achieve good performarjédbarbaret al, 200§. Consequently
they are more suitable fan embedded system desjgandwill be usedwith the designed
embedded systendescribedlater. However, a variety of MEMS adesometers are
commercially available After taking the all-important technical requirements in the
consideration, the ADXL001 MEM8&ccelerometer hdseen chosen.

- The AXDLOO1 Accelerometer

The ADXLOO01 is a MEMS based, singxis accelerometer developed by Analog Devices.
It provides a highperformance,wide bandwidth of 2X&Hz, andis small in size The
ADXLO001 operates on a 3/3or 5V supply, and outputs an analogue voltage, which allows
the direct connection of the accelerometer output to the analogue input pasiasa
acquisition devie (DAQ) or amicrocontroller. The accelerometer is available in 3-full
scale gnamic ranges of £70, +250, a800 g. fr this work the £70 gange wasleemed
appropriate An evaluation board is specifically designed by Analogiaevor this
accelerometer making easierto use To prevent amtaliasing, the evaluation board
provides a user configurable lgwass filter on the accelerometer output. Moreover, due to
stress, over acceleration or fabrication errors MEM&Erometecan develop flaws;ral
fortunately, ADXL0OO1 accelerometer like other MEMS accelerometer has a build 4in self
test pin, whichcan be used to test botietelectrical circuiand themechanical structure of
the accelerometeFigure 5.17 illustrates the silegaxis ADXLOO1.

0.8" ADXL001| — OXgyr | 0.58"

()DNC
‘5 OSsT
11O C;

a) Schematic diagram of ADXL0OO01 evaluation board b) ADXLOO1 onits evaluation board

Figure 5.17: ADXL001 accelerometer and itsevaluation board

[http://www.analog.com]
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5.9.1.1 Optimum position of the accelerometer

A review of previous researctvhich hasbeen conductedh the area of indstrial robots

fault detection,most researchengosition the sensorst different locations on the robot
without giving a reasn. To detectoperationalabnormalities in a machine, the sensors
should be locate@s close as possible &xpected damagecations, althoughhere are
instancewhere the damage is more recognizail®therlocations on the machirf&arrar

and Worden, @13. Prior to acquiring the data for fault detectionwiais crucialto locate

the most sensitive positions on the roboin order toachievethis, a test based on
computation of root mean square (RMS) value of the captured vibration signals has bee
accomplished. Three locatiomsi st ri but ed over wetehselectadasb ot 6 s
illustrated in Figire5.22 (note endchapter) The proceduréor this test can be explained as

follows.

The accelerometavas attachedn the firstlocation on the roti, adjacent tahe wrist and

the robot was programmed to move joinin a cyclc movement at different speeds, and
the RMS value of the captured signalhich was measured in the direction orthogonal to
the axis of rotationwas computed.After that, joint 2wasmovedcyclically andalso with
different speeds and RMS values calculated. This procedasaepeated for all the robot
joints. The accelerometewas then relocated the secondandthen thethird) positionand

the samerocedurecarried out to computihe RMS value. A comparisorof the computed
RMS valueswvas madeand result for joints 2 and 3areshown in Figures.18 The other
joint results arepresentedin Appendix B.1. The presented resulisere are when the
accelerometer on the three selected locations and joint 2 and 3 moving at three different
speedsAfter evaluating althe resultsit was concluded that the bestdation toaffix the
accelerometeis location onewhich isconsistentwith the established best accelerometer

location for modal testing in Chapterahd thus it willbeused throughout this thesis.
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Figure 5.18 RMS values when the accelerometer on differeribcationsand the robot

moving different joints at different speeds

5.9.1.2Mounting of the accelerometar

After highlighting the most sensitive accelerometeacpl on the robot it was felt
unnecessaryo locate anaccelerometer on eacdft h e r o b oRurthermojeasing t s .
just one accelerometer was not considered sufficeémte when the robas performing a
generaltask its jointsarerotating around different axetherefore the accelerometer may
be more sensitiveo specific joints than others yielding the ntonng systemurreliable
For this reasonit was decided to fixthree ADXLOO1 accelerometeia an orthogonal
configurationto meaurethe vibrationin X, Y, and Z directions using purposedesigned
aluminum adapteyras shown in Figure 5.19his will reduce thdength ofwiring on the
robot and make the embedded system more compadix this adapter correctly otihe
robot for accurate pickip of vibration signals, three common mounting technigwese
assessefGirdhar, 2004
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Stud mounting- this technique requires a stud to be mounted on the robot surface by
drilling and scewing. This is the preferred technique for permanent mounting and gives the
best frequency response because the accelerometer and the robot fused together by virtue of
the high fastening force of the studowever it was not possibleto drill into the rolot
because there is a gear under the established optimum accelerocetion Magnetic,
double sided adhesive tape or beeswathese methods are conventionallged for
temporary measurements, baite not recommended for permanent monitoring because
their frequency responses, even when expertly attached, are usually well below that of
equivalent stud or dhesive mounted accelerometerhieTmagnetic mounting method
cannot be used in this study as tiebot has araluminium structureThe third adopted
technique which was used heris, adhesive mountingin this method, the adapter is glued

using an appropriate adhesive material such as superglue.

The selected accelerometeras calibrated against the used conventional piezoelectric
accelerometer in Clpter 4. The accelerometers arattached to the robot and the Data
Physic Quattro analyser algrwith SignalCalc ACE software waamployed for signal
capturing and analysisThe selected accelerometer showed very good performance in
comparise with the piepelectric one; the calculated correlation factor between the
captured two signals is 0.92 which indicates the two signals are very sifiresults,

including time/frequencgpectra, are given in Appendix B.2

Figure 5.19: Designed3 axis accelerometendapter

5.9.2 Data acquisition card (DAQ)

The DataPhysics Quattro analys&ras used forthe preliminary robot ibration analysis;
howeverit cannotbe interfacel to Matlab or LabVIEW in order tachieve reatime data

acquisition and analysis, whietill slow downthe process adignalsanalysis and featuse
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extraction Data acquisition cards (DAQs) are designed to acquire data from
sensoftransducers byconverting the physical analoguesignals into digital form and
rescaling them intphysical quantities according tbeir sensitivities. DAQ card is always
connected t@ computerthat has aontrol software and data storage space. UgseIDAQ
cardis type NI USB-6009from National Instrumentdt has14-bit resolutionanalogueto-
digital converter (ADC) with8 analogueinput channelsand also 2 analogue output
channelsThe maximum samplingate ofthis card is48 KS/sper channelln addition to
number of digital input/output channels the card HAadigital input channel can be
configured either digital trigger or an evembunter.The communicatiorbetween the NI
USB-6009andPC is established through USB interfa€ke pins layout and descriptiah
this DAQ cardare attached in Appendix B.3

To synchronize the data acquisition process with the start of the robot movement a
triggering signal from the robot controllewas used to trigger the DAQ cardlhe
input/output module in the robot controller and in conjunction with a relay set allows the
user, through the use of various VAL commands, to control external equipment by
switching one (or more) of the output lines, or by responding to any one or combination of
theoutside events that can be represented as on/off Statesontrol signal from the robot

is ananalogueso to convert it tadigital format, either O or 1, acBmitt trigger circuit was

built. Schmitt trigger is an integrated circuit (IC) that convarsanalog input signal to a
digital output signalvhen itexceedsa certain threshold=igure 5.20shows schematic of

the output relay connected to the Schmitt trigger circuit; it contains a diode to prevent any
damaged that may be caused by back electgmetic field (EMF). Normally, the output
signals are sent via a voltage supply. To put any output signal on/off is simply using these

commands inVAL language
SIGNAL 1 for on
SIGNAL -1 for off

The trigger outputvasfed into the digithtrigger input in the DAQ car¢Blum, 2013. A
Schmitt trigger IC type MC14 is used; six seprated Schmitt triggers are included in this
chip, however only one iseeded in this work (more details about this IC is plesliin

Appendix B.4. Thiscircuit will also be used for triggering the embedded system later
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Figure 5.20: Electronic triggering circuit using Schmitt trigger IC

5.10Vibration Data Acquisition and Analysis Software

The data acquisition software sustains the connection between thedadland the host
computer, as well as controlling the data gathering proaessincludes basic data analysis
tools, including time-domain and DWT signal analysis. In terms of data acquisition and
analysis in this project, LabVIEW development environmemhich is a graphical
programming environment from National Instruments used for measurement, test, and
control systems development, was selectedordtvides built-in libraries for advanced
analysis and data visualization and can be integrated avithge numberof hardware
interface devices.Additional capabilities have been provided by LabVIEW, such as the
interface with Matlab and C language, which esgraphical programming in LabVIEW
more flexible Matlab software has many specialized, efficient] aasy taisetoolboxes
including thewavelet analysis toolbousedin this study and itsnany options help to
accomplish DWT analysis, such as specifying the number of decomposition levels and
selecting a suitable wavelet family. 0$bycombining the apabilities of Matlab in data
processing and the advantages of LabVIEW graphical programmingletiedoped data

acquisition software will have improved capability and greater flexibility.
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The LabVIEW programs are calledirtual instrumentsor VIs. Each VY has three main
components which are the front panel (or user interface), the block diagram (or
programming interface) and the icon/connector pane. Programming in LabVIEW consists
of placingexpress \4, specifically designed for measurement and analyssdard Vs

and functions or other programmed elements, such as nodes, terminals, and wires, on the
block diagram. A block diagram sample from the prepared LabVIEW code is shown in the
Figure 5.21; the full prepared codepi®videdin Appendix B.5.

MNa. of loops

N
Time Delay
s101
|
Sampling frequency R
L
[Wavelet analysis code using MATLAB script| =102
3 z
MATLAB script I yﬂJ
| ;
i DAQ Assistant Removing the B [cl,11] = wavedec(s1,8,'sym2); W ||[FFT
data v | DC component i s1D1=wrcoef('d’,c1,I11,’sym2’,1); 03
erorout o |  from the s1D2=wreoef('d’ cLIl,'sym2.2); _ | |
i | captured signals 3 s1D3=wrcoef(d’,cL,I1,"sym?2",3); "_”J
"""""" - =T s1D4=wrcoef('d’,cl,11,'sym2’,4); |
| s1D5=wrcoef('d’,c1,11,'sym2’,5);
s1D6=wrcoef('d’,c1,11,'sym2’,6); I T
s1D7=wrcoef('d’,c1,11,'sym2',7); |
s1D8=wrcoef('d’,c1,11,'sym2’,8); ilm
Dividing the signal s1A8=wrcoef('a’,c1,11,'sym2’,8); I %“J
values on the
senstivity of the I FFT
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uEE|
! FFT
2 5148
Il ":gJ

Figure 5.21: Part from the prepared LabVIEW code

The LabVIEW block diagram begins with fer loop, usedto control the repetitive
execution of the code a predefined number of timesléibp The DAQ Assisint (centre

left) is an express VI that communicates directly with théit ADC DAQ card (NI USB

6009) which acquires the analogue measurement signal, in this case is from the
accelerometer (s). The DC component of the data signal is subsequently rewiozid
appears in the signals either because of the electronics associated with the sensor hardware
or due to the amplitude of zero frequency compof@maudhuryet al, 2014. This is
achieved by computing the median of the tidemain signals using the median finding
function, which is then subtracted. The result is then scaled using the accelerometer
sensitivity in V/g, to convert them to acceleration values. A DWT analysithan

performed using the Matlab wavelet toolbox (large central block), which is imported into
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LabView as a Matlab script file (MEX function). For an accurate wavelet analysis a
number of parameters in the Matlab code have to be tuned properly, sucltlasvatelet
family, and number of decomposition levels, usiwvayedeccommand. The
commandvaverecis utilized to return the different components of the decomposed signal
from the wavelet coefficients. Researchers who want to accomplish feature extraictgpn u
wavelets are advised to read in detail the wavelet toolbox user[dislg et al, 2007. In

this research an-leével wavelet analysis has been applied, as it provided better indication of
the robot health (discussed in the following chapter). Following completion of the DWT
analysis the statistical features are computed from each sigdaaved in text fileghese
features are utilized in designing the neural network for the fault diagnosis stage (second
stage). LabVIEW code for performing the FFT was also incorporated uesed
concurrently with the wavelet transform code, in order to carry out preliminary evaluation
of the bearing and gear frequencies by investigating the frequency spectrum of-the sub

signals produced from the wavelet transform.

5.11The Experimental SetUp

Figure 5.22shows the experimental set up for preliminary vibration analysis and feature
extraction.The selected and tested accelerometer locations are also shown in the figure.
The chosen accelerometen® affixed atthe optimum accelerometer locatiglocation 1)

To power the accelerometerseparatgpower supplywasused, howevempowerfrom the
microcontrollerwill be used with the embedded systeFhe outpus of the accelerometers

are fed td\l DAQ card.Signal from the robot controller is inpatt to the triggering circuit

and output of the triggering circuit is connected to the digital trigger pin in the Taed.

card isinterfacedto a PC with the LabVIEW software installed.
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Figure 5.22 The experimental setup

5.12Summary

Joint 3of the robotwasselected in order to simulate different fauftshe robotA detailed
description about the mechanical constructiothefselected joinhlong with the different
errors that may accompganthe power transmission system hlsen carried outto
understandhe faults simulationprocessan the robot. Alsoseveraldifferent possibldault
types such as backlash between gear pair, gear tooth and b&aritsgwhich may occur

in the robot have beeassessedyith variousseverity levelsAn gppropriate acderometer
waschosenandthe best accelerortex locationidentified. An aluminium adapter to carry
three accelerometevgasdesigned, andccelerometer calibration has been verifisdiata
acquisition system based on National Instrurm€Nt) software and hardwarkas been
designedHybrid programming, combining LabVIEW graphical programming with Matlab
textural programmingwas effective in developing thesignal monitoring and feature
extractionsystem around whichthe robot vibration ginal capturing and analysis software

was constructed
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CHAPTER 6

ROBOT VIBRATION ANALYSIS AND FEATURE
EXTRACTION

Using the data acquisition system and experimentalupethown in Chapter5, robot
vibration with different health conditi@nare analysedin this chapter.The previously
simulated faults in thegears and bearings aretroduced in the robotBased on he
proposedrobot CM algorithm which consists oftwo stagesfault detetion and fault
diagnosiqas explained in Chapter,3he vibration analysipresentedn this chapter islso
performed in two stagesThe first stage is when the robistexecuting apick and place
task and the second stage involves the robot mooirg joint at a timeThe effect of
different fault types andeverities on the robot vibratiorwas investigated and the most
effective vubration features are extracted,be used in the following chapter.

6.1 Pick and PlaceTask

In order to mimica standard robot tasthe robot wagprogrammed taindertake a simple
pick and place sequences shown in Figure 6.T.he robot is required tewapthe yellow
andred ballpositionsand vice versa. This achieved by firstnoving the red ball to the
empty position (3and then moving the yellow ball fmosition (1)where the red ball was
after which the robot pick up the red balhgainandplacesit at (2) The executed code to
perform this task, which is written in VAL programing language, is attached in Appendix
C.1L

As the faults are introducein joint 3 of the robot, th@ask requiregoint 3 to move
extensivelyduring the described cycle, &xaminethe effect of the simulated faults the
resultingvibration excitation The robot configurationg/hen it reaches these positicare
simulatedusingthe robotics toolbox for Ma#db and presented in Figure 6.2. It sholodd

pointed out that albther joints,particularly joints 1 and 2, are involved this task and



therefore, the captured vibration signature willrbade ofa combinationof sigrals from

different joints motors and gearboxes.

Figure 6.1: Ball swapping task[Robot CAD drawing from: https://grabcad.conj/

a) Positionl b) Position2 ¢) Position3

Figure 6.2: Robot configurations at different balls locations
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6.2 Robot Fault Detectionwhilst Executing Pick and PlaceTask

For faster robot health evaluatiamd dueto thelimitation of the embedded systerthis

stage has to be simple and relialdimce itspurposeis just to report if the robot is heajth

or faulty, regardles®f the fault type and locatiorandneedso begeneralized to any robot
tasks.Thusthe warning limits(thresholds)which are discussed armdmputedn the next
chapter, have to be easily calculated and configured in the CM syst@mactisethis task

may needto beconducted by @echnician withlimited knowledge and for this reason the
signal analysis technique lsed on timelomain analysisas it is simple, straightforward

as well as good approach for fault detection if it is combined with statistical control charts
(Chapter 3).

As mentiord in Chapter & time-domain signal analysis has some limitations in terms of
early fault detection and not robust in fault identificatiorfdiagnosis) However,it has
been found that extracting thmost sensitive featuredm the timedomain signal iad
utilizing it in computing the threshold values (Chapteging astatistical control chart
(SCC) helps in overcomintipe early fault detection limifThe previously simulated faults
are introducedn the robotic system and itgsogrammed to perforitine ballswapping task
repeatedly to complete predefined number of cycléébration signals from the three axes
of measurements are captud sampling frequenocgf 383 Hzwith sample size equal to
4096 This frequency igour timeshigher than the 1th natural frequency of the robard
the highestfrequency that may appear in the system, basetherestablished joint 3
frequenciepresented later in this chapter, dntfils the sampling theorthat requests the
sampling frequency to be at leastot times higher than the dhestsystemfrequency
[Mohanty, 201p. Each time the robotepeatcycle starts, the ral controller sends a
triggersignal to the DAQ card through the Schmitt trigger circuigyiochronize the signal
captue with the robot movement.

The raw vibration signalsaptured undedifferent fault types and severity @rextracted
from the LabVIEW software fron¥l panel Severalfeatures from the timdomain signals,
such as root mean square (RMS), standard deviation (STD), and kurtosis, are exracted.
comparisonof these features, to investigate which is the mostsaensitive onewas
accomplishedThe sensitive feature must be normally distributasithis is a conditiorthat
hasto be met in order te@alculatethe threshold values using SCC,veli be discussed in
Chapter 7The STD featurewhich is normally used as measure of extent of variation of

the processed data and hhs same units as the dateas found to be the mosults
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sensitive,and normally distributedne and hence itvas selected focomparison among

fault severities.
6.2.1Backlash faultsimulationresults

The vibration signals from the robetith the backlash faults introduced are shown
Figure 6.3 As mentionedpreviously three backlash levels are simulateedyh, smalland
interferencg The figurepresentghe time-domainvibration signals from the robowhen it

is healthy and with the tee backlash levelsafter removing the DC component by
computing and subtracting the median from each set ofiddtabVIEW code Limited
interpretation of Figure 6.3 is onlyossible; however, always vibration of multi-stage
gearboxes, as in the robotic systésnjery complex and composed of different frequencies,
including gearmesh,bearings and runningspeed frequencieg.he vibration severity is
also connected with thexcited resonance frequencies of the robot. The high speed of the
robot gears causes cyclic excitation thiese resonancedeading to some periodic
fluctuations with amplitude proportional to the fault severity. This can clearly be s&en in
axis sgnals (the first column in Figure 6.3), whiokereinfluenced the modby backlash,
while signals in the other two axegere less affectedThe highamplitude components
present in the signalsere observed whetme robotchangs the rotatingdirection of the
joints. Thisis leading to developing number of impdetweerthe matingpairs,due to the
contact force between teeth the interferenceasethe backlashvascompletely removed,

so the impact effect is eliminated between mating gears buetrs gre overloaded on the

other hand.

It was anticipatedthat by increasing the backlash the vibration levelld increase in the
robot, but the oppositeasbeenfound. Thiscanclearlybe seenby comparinghevibration
signals produced with different backlash levels to the healthy @ihatition especially
the X-axis signals It can be seen, for instance, in the case of higher backiasthe
amplitudes of vibratin signals are lower than thos¥ the healty case this also
correspondsvith the results of research publishedBigker et al.[1989. The amplitudes
of vibrationincreasewhenthe backlash level is reducadhtil the increase becomes more
significant in theinterferencecase.Although the presence tfacklash in the transmission
system can cause a transient impact at the reversalotbn, which will lead to an
undesirable level o¥ibration, high backlash betweeagears will allow more lubricating
grease tenter etweenthe mating teeth leading to dammg of the vibration.Whereas, the
tight gear mesh leads to the lubricheing squeezedut of the mating teetnd thesystem

heast up due to friction betweetheteeth, resuling in increasedibration
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To further establish the backlasffect and also to compusets ofSTD valuesfrom the
time-domain datao be usedn developingand testing ofan SCC in Chapter 7, the robot
was programmed to execute the pick and placedaskhundredimes andthe STDvalue

for each repetition wasalculatel; this procedurewas conducted at each backlash level.
These results are presented in Figure 6.4 for each of-theZXaxes.The calculated STDs
from the high backlash casbowthe lowest valuetor all 3 axeswhile in the interference
case the STDvalues are the highest was observedthat theinitial STD valuein the
interference case mways lowin comparison to theubsequent values, which is attributed
to the lubricant being squeezed out of the geahmeeducing the effective damping during
the initial cycles on start up. The-akis shows high STD values thdrose forboth Y and

Z, and there is a significant variation between the interference and high backlash conditions
when compared with the norinand small backlash conditiomghich have qui similar

magnitudes.

Generally, he STD results when the backlash fault was simulated even wittthe other
fault types as shown in the following sabctions,showthat the Xaxis vibration is the
best to be utilized for monitoring the effect of fault development in the rasihe
different faults can be clearly discriminatetiowever,the Y- and Zaxis couldexhibit
higher vibration levelif the robot executedifferent tasks thanvolve a different sequence
of movements or if a fault isrpgressed in the other joinBecause of this, the vibration

all three axes has to be consideredprderto achiee reliable fault detectionThus, the
resultantvalueof the X-Y-Z standrd deviations will be computday taking the square root
of the sum of the squares of the three STahdthis will be used as the fault indicator.
Figure 6.5 shows the resultant STD values for the robot when it is healthyiténthe
three backlash level€lear difference can be realized amongst the four trends related to
robot health conditions an@s in Figure 6.4, the high backlash conditions show lower

resultant STDs whereas they are the highest in the interference condition.
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Figure 6.3: Vibration signals from the accelerometers at differenbacklash levelin the

robot gearbox
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6.2.2Gear tooth faultsimulation results

The timedomain vibration signalsvith four different types of gear tooth faulis the
pinion beve] which are tooth wear, 25% tooth cut, 50% tooth cut and full tooth removed
respectively, are showim Figure 6.6 Prior to capturingthe datawhen wear fault was
introduced, the robot was run for a short time to allow the gearbox to dynamically/Attle.
in the previous set of backlash tests thexis is the most sensitive to any change in the
robot 6 s c o rhdhe trends are verg sinil&ramking at the gnal from the faulty
robot (X-axis) it can beobserved that the amplitudehigyher tharthat of the healthyrobot.
Secondy, the amplitudesncreaseas thetooth fault becomeseverer as expecteddue to
the reduction in the contact ratio associated withtooth cutintroduces higher vibration
during gear meshH-urthermore the impulses in the signals are mpreminentwhen the
tooth is completely removedhis can attributed to the adjacent tooth cotnig the mating

toothearlier than it would witlanideal geometry.

As mentionedearlierthe excessive clearance between gears alioysoved lubrication
(greasg which will increase damping and reduce vibration. Whihgt same is true here
except thathe impactintensityis muchhigher when there is a tooth cut leadingadigh
vibration levelwhich increaseghe computed STxnd thus the resultant STEalues as
shown in Figure 6.7 and 6.8 cleardiscriminationcan beestablishecamongt the four
gear tooth faults and the healthy condition of the rdboall three axes of measurement.
The STDvaluesare ranging fronthe lowesttrend,whentherobotis healthy, to the highest
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which is when a full tooth removed. These trendsnak separated in th¥-axis, but a bit
compressed in the -Yand Zaxis, and have reduced magnitsdéowever, a clear
separation among the four cases was got usingethudtant STDFigure 6.8
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Figure 6.6: Vibration signals from the accelerometers at different gear tooth faults
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6.2.3Bearing fault simulation results

An inner race and twievelsof outer race bearing faulteve beesimulated. The purpose
of simulation two fault severitieis the outerace(asmentioned in Chapter)%s to testhe
effect of the different sizes of bearing faults on the captured vibration sighag¢stime
domain signals when these faults introduetdng with the extracted STD values are
presented in Figus6.9, 6.10 and 6.1XespectivelyEach time a rolling elemepiasseshe
inner or outer race defect, tlgellision between the rolling elemeand fault generate an
impulse and excitethe vibration resonance of the bearing andrtimt structureThis is
also true when gear faults are simulated, but since the faulty bearsuppsrtingthe
pinion bevel and due to th@ngential, radial andx&l forces generated by the meshed
gears the excited vibration signals have higher amplitudes. This clearly caeffeom
the catulated STD values in Figure 6.10 and 6.11

When a faultoccursin the inner race an one of theolling elemens the properties of the
induced impulses wilchange, since thienpacs occurat different angular positigas the
bearing components rotat©n the other handyith the outer race defedhe excited
transient modes do not vasincethe angular positioof the defect is fixed atach impact
This is apparent in the signals captured from the two different outer racedaetitiesn
Figure 6.9 where both faults have the same signal padgtdrut with different amplitude

levels(higher when the faulsizeis biggey).

134



X-axis m

o
|

5 - = ra -
v I .

Amplitude (g)

3
|

&H & L e N e

ol ; ; T ; ;

=
fyd
&
-3

=
=
=
=
)

Amplitude (g)

8

Amplitude (g)

,_.
=
=
=
=

= o - o

Amplitude (g)

ra

h v I .
H ﬂ

Amplitude (g)

o
|

s

Amplitude (g)

Y-axis m |

L
10 10.7
Time (sec)

a) Healthy robot

=<
]
ea

-
=
=
=
=

Time (sec)

b) Inner race bearing fault

& IS e o s
ot | | T | |
(a
e
= o
=

ra
w
=
P
1=
=
=
=

5 6
Time (sec)

-~
)

9

Amplitude (g)

Amplitude (g)

Amplitude (g)

c) 1 mm hole in the bearing outer race

Amplitude (g)

o
|

Amplitude (g)

& IS s = o -

i \ ; i ; .
s
&
=

S
-
=

o
9 10107

Time (sec)

Amplitude (g)

d) 2 mm hole in the bearing outer race

Figure 6.9: Vibration signals from the accelerometers at differenbearing faults

135



a) X-axis

701 Attt PPN i, A SNSRI NN

0.65 -

0.60 -

0.55

0.50 - MWM“MJW
0.45 - v v

—@— Healthy robot
—@— Inner race fault

STD (g)

0.40 -
—@— Outer race Imm
—— Outer race 2mm
0.35 - T T T T T T T T T T
1 10 20 30 40 50 60 70 80 90 100
No. of cycle
b) Y-axis
0.70 - —@&— Healthy robot
—@— Inner race fault
% —@— Outer race Imm
0.65 - ) —&— Outer race 2mm
0.60| ...
B 055
a
(%))
0.50 -

0.45 | \ , \ A‘
0.40. ”MWAMWWWV

0.35-L . : : . : . r : r
1 10 20 30 40 50 60 70 80 90 100
No. of cycle
C) Z-axis
0.70 4 —@®— Healthy robot
—@— Inner race fault
—@— Outer race 1Imm
0.65 —#— Outer race 2mm
0.60 -
3 055
=
1%p]
0.50 -
0.45 -
0.40 -
0.35 - r r r r r r r r r T
1 10 20 30 40 50 60 70 80 90 100
No. of cycle

Figure 6.10: Standard deviation for healthy and with different bearing fault robot

136



1.1

—@— Healthy robot
—m— Inner race fault
—@— Outer race Imm
—#&— Outer race 2mm

AL AL Sans st o, p W 00 L g tran N LD LAIN PPN

08 R U, P TP N e
B O T I U aan e T

1 10 20 30 40 50 60 70 80 920 100
No. of cycle

1.0

Resultant STD (g)

0.7

Figure 6.11: Resultant STD for healthy and with different bearing fault robot

6.3 Robot Fault Diagnosis

The previoussection wagocusedon studying the effect of different faults orethibration
level of the robot, withie aim toextract features sensiévto the robot health condition
when it is executing eepetitive taskusing asimplesignal analysisechnique This can be
utilized with different robot tasks for differentiating between the healthy and faulty
conditionsirrespetive of fault types and locations. Howevéne next logical stepafter
detectinga fault isto extract features that can be employ@ddentify which jointhasthe

fault and its type (fault diagnosis), which is the second stage of the proposed Chhiadgori
and will bethefocusof theremainderof this chapter.

To perform thisstep each jointshould be considered separatelyprogramming the robot

to cyclically rotateone joint at a time. For this purpose and since the faults are simulated in
joint 3, the robot was programmed to oscillate over its full range of movement (270 degree)
as shown in Figure 6.12as some of the robot faults may exhibit directiondependent
symptoms[Dattaet al, 2007. This isalsoin order to relate thproducedvibration to the
movingj o i mahsinssiorcomponents such as gears and bearihgs.outputfrom the

three accelerometerwill be captured and analysedsing the DWT signal analysis
technique (discussed in Chapter 3) based onpthpared LabVIEW codefrom which
featuresare obtained and utilized later (in Chapter 7) in designing the ANN for faults
classification The signals are captureaver the entire moveent cycle usinga sampling

frequencyof 1031Hz. The DAQ device needs to be triggel@gthe robot controlleat the
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start of the movement for synchronizatidine following VAL code is usedto achievethe

cyclic joint movement.
1 SIGNAL 1 { To activate outputline 1 to trigger the DAQ devig¢e

2 DRIVE 3, -270, 100 { Move joint 3 downward by 270t 100%of the motor

speed
3 DRIVE 3,270,100 { Move joint 3upward by 278at 100% otthe motor spedd
4 SIGNAL -1 { To put the output signal from port 1 pff

5 DELAY .1E - 03 { Delay1/10000 seg

Figure 6.12 Robot configuration for the fault diagnosis staggRobot CAD drawing
from: https://grabcad.conj/

6.3.1 Signal analysis sing DWT

The multiresolutionDWT analysisvasapplied using the selected mother wavealb®. To
conduct the DWT analysia suitablenumber ofdecompositiorievels needs to be selected,
however, he number isnfluencedby the lowestfrequencybandsthat neededo betraced
as well as the number shmples in the gathered signal; whienea signal of sizeéN, the
maximum decomposition level id T @ [Abo-Zahhad, 201l Since the number of

sample in the captured signal is 4096asoaximum of 12evel of decomposition can be
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reachedIf the number of decomposition levels of the DWT lmees higher,he extracted
frequency bandjet lower. Note that the greater the numberdefcomposition levels the
more power andnemory isrequiredin the designed embeddeystem(which is discussed
later in Chapter B Therefore,it has been decided to depend on the expected lowest fault

frequencythat may be presented in the sigimadelection the decomposition levels

To calculate the frequenciésatare related to joint,2he mathematical equations and gears
and bearing specification presented in the previous chapter are Tuseanly missig
parameter in these equations is the speed of each component. Thehefoahod s
forearmspeed of movement has to be knowrorder to establish the speeds of the other
mechanical partdn joint 3. As mentioned,in the experimental work the robas
programmed to move just jointiB a cyclic motion within its fulrange of movementSo,

the acceleratiorsignal in the Zaxis has been captured and then by using the numerical
integration theforearmspeedwas obtainedThis speed represents the speéthe wheel

spur gear and, bysing the gear ratios, the other speeds and subsequently the frequencies

are derivedThese frequencies are shown in Table lelow.

Table 6.1: Joint 3 gears and bearings frquencies

Parameter Gear frequencies

Bevel gears (first stage)| Spur gear (second stage)

Mesh frequency 95.7 Hz 10.96 Hz
Shafts frequencies
Input shaft 7.356 Hz
Idler shaft 1 Hz

Bearings frequencies

Bearing in the first stage | Bearing in the second stage
FTF 2.94 Hz .38 HZ
BPFO 20.62 Hz 3.04 Hz
BPFI 30.86 Hz 4.93 Hz
BSF 17.76 Hz 2 Hz

From the above table can be seen that the lowest fault frequency that may appear is in the
bearing of thesecondstage (the bearingn the idler shaff which is indicated by a red
ellipse in the tableAs a result, eight decomposition levale found to be sufficient for

analysng the robot vibration signal;able 6.2 shows the decomposition lesednd their
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asso@ted frequency rameg (referred to Chapter 3 to sbew these frequency bands are

computed).

Table 6.2: Frequency bands associated with each level of decomposition

Level Signal Frequency range
D1 257.75H2z515.5Hz
D2 128.8Hz257.75Hz
D3 64.43Hz128.87Hz
D4 . 32.21Hz64.43z
D5 Detallsignals 16.1Hz32.21Hz
D6 8.05Hz16.1Hz
D7 4.02Hz8.05Hz
D8 2.01Hz4.02Hz
A8 | Approximation signa 0-2.01Hz

6.3.2Result of the DWTAnNalysis

Selectedresults of themulti-resolution signal analysiasing DWT extracted from the
LabVIEW code are shown in Figwé®.13 to 6.15 These figures represent thealysed
signals fom the threeaccelerometers when tlseverestwo fault categorizes, a full gear
tooth removed and &hm hole in the bearing outer race faults, are introduced in the. robot
The remainderof the resultsvhen other fault types simulatede includedin Appendix

C.2 In the above mentioned figures thare 10 sudiguresfor each measurement axibe

first subfigureis the original signal before tH8WT is applied, wile the rest ar¢he eight
constructedgsubsignals from the detadoefficients (D1, D2, D3, D4, D5, D6, D7, and D8),
and one from the gpoximation coefficient (A8) where each one&ontairs a specifc

frequency bangresented in the upper left corner of eachfagire.

Generally, accelerometer provide mixed information about vibration angnovement
accelerationn the robot{RodriguezDonateet al, 201Q. The vibrationsignalis made up
of high frequencieswhereasmovement acceleratiosignak are associatd with low
frequencie§RodriguezDonateet al, 201Q. In the original signalsn Figures 6.130 6.15
canbe seen that the-Yand Zaxissignalsare highlyaffectedby the robot movement, while
there isa little (or no) effecin the X-axis signal due tothe main robotmovemenis in Z-

axis and so the angular acceleratidne to the forearm rotatiowjll havean effect on the
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captured signal in -Axis. Also, as a result of the angular movement of the forearm
centripetal acceleratioils generated in Y direction effecting-akis signal However, after
conducting the DWT on the original signals and by investigating the producesigsatis

it wasconcluded that the approximation signals (A8) in the thsexs are mostly related to
the robot movement and not to ibration componentsConsequently, the approximation
signalsdo not carry any usefulinformation regarding robot fasland are notonsidered
important in the present work. However, extragtthe robot movement acceleration using
DWT could be employed in future work to estimate the kinemafi¢se industrial robos
[RodriguezDonateet al, 201Q.

Comparing theorresponding time domasignals from the three axes when geeath and
bearing fauls weresimulated (or when other different fault types are introdydedan be
concluded that it is not easy to recognize ifiggnt variations between therhpwever by
looking at the geneted subsignals from the three axes can be observed that there are clear
differences amongst their amplitudes. It is noticed that the producesighaisin Y-axis

when different faultonditionsare having the lowest amplitudes comparing to-sighals

in X- and Zaxes. Nverthelessthe amplitude in Yaxis signal may get significant if a fault

is developed in other parts of joint 3 or in another joint. The reversal of motion can be
obviously seen ithe Zaxis response (Figure 6 )1%where the higher anifudes are in the
waveform. The high amplitudes at the reversal of motion are due to the impact
phenomenon resulting from thadklash, which must be presemithe gearbox even when

the robot is healthy but within the acceptable range.

When a gear tootfault introduced was noticed that D3 becomasre sensitivéo the fault,
since it covers the frequency band correspatb the bevel gear mesh frequeneyhich

is 95.7 Hz(Figure 6.1ato 6.159). Similarly, it isanticipatedthat Déwill becomepeaked

if a fault is simulated in the spur gear paas spur gear mesh freqegnis within D6
frequency band. From Table 6.2 can be seen thdialhpass frequency of the outer race
(BPFO), which is calculated tbe 20.62Hz, is inside the frequency range aétail signal
D5, and is prominenfrom the signals that contain outer race bearing falfigures 6.1d

- 6.1% where distincimpulses areevidentin comparson to D5 signals when a gear tooth
fault introduced. Meanwhileanother detail signal is affectefl the inner race fault is
simulated, butherewill also be D5 since BPFI is within the same frequency banid
BPFQ However,t can be observetthatthe appearancef spikes (or impulses) in the detail
signals are not pmdic and not througlout the whole signal time as in the rotating

machinery. This can battributedto the variation injoint rotation speed, changing from
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zero to maximum forth and backnalysisof the signals from the three axiccelerometers
and combining the results can help to avoidcartaintyin fault diagnosis ifonly one
accelerometer is used, since the fault signature cagffiseently detected in one or two

axes than others.
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Figure 6.13: DWT analysis of the Xaxis vibration signals from the robot arm when

different faults simulated (auto scaled)
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a) Full gear tooth removed b) Outer race 2mm hole

Figure 6.14: DWT analysis of the Y-axis vibration signals from the robot arm when

different faults simulated (auto scaled)
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