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Abstract

Functional losses associated with hand impairments have led to the growing development of hand
exoskeletons. The main challenges are to develop the exoskeletons that work according to the
us er 0 sintentooh, witich cafbe donedy utilizing the electromyogram signals generated by
forearm muscles contributed from the movemamd/orgrasping abilities of the hand. In this
researchmodellingand EMG based control of hand exoskeletons with the airsdigtastroke
survivors in regaining their hand strength and functionality, and improve their quality o life

presented

The exoskeleton modelas developedvithin the virtual environment; a software platform
where design and control performances cam\muatedorior to expensive experimental trials
that can save the resources andteffective. Besides, it can also simplify thedellingprocess
for the exoskeleton hand that is complex and highly articulated. Its inverse kinematic task is
complex tosolve analytically, and its numerical calculation often entails difficulties. The
conceptual design was done in Solidworks toolawad importedo the SimMechanics program
scheme that enables interconnection between physical components with geomédrniemiadic
relationships of the robot in the form of interconnected blocks. This integration allows verification
of the model and facilitates the design process of the controllew#saéxecuteth MATLAB

environment.

A hierarchical controller was empleg to control the exoskeleton hand which comprises of
threelevel controllers; the perception layer (hilgivel control), the transition layer (mldvel
control), and the execution layer (Idevel control). In the highest level, the kinematic estimation
of the hand was computed based on the established relationship between forearm electromyogram
signals with various finger pinches, handgrip forces, and wrist positions. Adeeard artificial
neural network (ANN) and adaptive netftezy inference syste (ANFIS) with subtractive
clustering were used to establish the relationship and compute the hand kinematics estimations.

All methodswere trainedind tested using EMG data collectedovasively using multchannel



EMG sensors froneight healthy subjets. The contractions of the musciesre detectedrom
several forearm (flexion and extensor) muscles, and thewdata processethrough several
pattern recognition steps, before being mapped to various pinching forces and amgslainoe-
domain fatures; root mean square (RMiajegrated EMG (IEMG)mean absolute value V),

and waveform length (WL) washosen to extract useful information hidden in the EMG signals

collected.

The experimental results show separable classes of features withaWieteproduced a more
significant result. Additionally, the feefdrward ANN provides better joint angles estimation with
acorrelation coefficient of 08:0.04 and root mean square error lesser thanv@den compared
to the ANFIS model. This result sugge that ANN with WL features provides a viable and
effective myoelectric control and demonstrates a potential control input, whaglhen applied
to the finite state controller in the mievel control and the PID controller in the ldevel control

for continuous control of the hand exoskeleton.
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Chapter 1

INTRODUCTION

@troke can be a hopeless experience for devar

Mark Flood a 14years old stroke survivc

1.1Background and Motivation

Hand plays a vital role in a humanés | ife by
The design of a humdarandis indeed a miraculous creation. It compris@sian with five fingers

and is connected to the forearm by a wrist joint. Its movement and sdeghtique and cannot

be foundin any other creature on the planet making the hand a valuable body part for the human.

A deficit in hand function dueto hamdmp ai r ment wi |l |l significantly
not only financially but also in living a qualityfd. Hand impairment is referréd any loss or

deviation in hand functigrwhich includesamputation, sensory and motion impairmg@wanson

et al., 1987jhat can occudue to sevetdactors such as birth defeeigeing factorsdiseas€Poole

etal., 2013)injury (Barr et al., 2004; Farzad et al., 2015; Trybus et al., 2@86@)strokéArmagan

et al., 2003; Pretti Raghavan, 2007; Xu et al., 208&pke is a sudden illness that happens when

there is a disruption to the flow of blood to the brain. €hane two types of stroke; Ischaemic
strokeoccurswhena blockage cutthe blood supply to the brgiand Haemorrhagic stroke that
causedvhen a blood vesséed set off within or on the surface of the br&HS Healthcare Tst,

2014)

Worldwide, stroke is the third leading cause of disabilii§hvi5 million people experiencing
stroke every yegdohn®n et al., 2016and t is the most commomeurologi@l disease in Western
countries(Carolei et al., 2002)According to the UK Stroke Association reded statistics in
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February 2018&here are ma than 100, 000 strokes happemery year (approximately one stroke
every 5 minutes) with over 1.2 million stroke survivors living in ti€. In the next 20 years
(between 2015 to 2035), the rate of people aged 45 years old and over experiendingefirst
stroke are expected to increase by 59% causing a rise in the estimation on the number of stroke
survivors to increase by 123@bhe Stroke Association, 2018[he @mmonly effects of stroke

are physical; the survivors of stroke can experience muscle weakness, muscle tightness, or difficult
movement coordination, usually on one side of their body (hemipar@siese effects may be
incorporated with memory problems making it difficult to move some parts of the body and
causing the survivors to struggle in performing Activities of Daily Living (ADL). In most stroke
cases, the hand is one of the vulnerable neembf the body that has a high chauf suffering;

over 75% oftroke survivors experience upper limb weakness that includes limited hand and wrist
movemen{The Stroke Association, 2018a)

The hand impairment followingtroke can be cured through treatment and reketioln, but
the amount of recovery varies among indivigyalepending on manyactors; the type of
impairmenf the amount of damage to the brain cells,(Etanck et al., 2017Most survivos
makea significant improvement in the first few months, but the recovery usually slows down and
can continue for a long time. The treatment and rehabilitation cahdlknging especially in
determining which impairment negdo be treated and how it can be treated. According to
Raghavar(2015) the impairment is comméynot static causing the nature of the impairment to
changeas the motor recovery proceel®reover the impairment can multiply by time, i.e., hand
weakness may occur immediately after the stroke, and remain unresolved when spasticity sets in
a few week or months latein some cases, the hand function is not fully restored even after an
intensive rehabilitationAccarding to Heo et al.(2012) only 5% to 20% of hemiplegic stroke
survivors complete functional recovery after the intensive rehabilitation, meanwhile 66% have not
regained the hand functions when measured 6 months after 3thekarolonged recovery process
restricts survivorsoé dail y aspgroductivity,iaeddeadstof f e c t
economic burdenéBertani et al., 2017)This has led to the emamgceof technologyassisted
devices such as exoskeletons as a solution to assist the survivors to regain the functionality of their

hands and to restore their quality of life



1.2 A Solution for Hand Impairment: Exoskeletors

The innovative advances in the field of robotic technologies alongside the challenging hand
impairment recovery process and its enormous impact on the survivors have steered to a rapid
increase in the ietest for development of assistive robotics: the exoskeletons. An exoskeleton is
a novel marmachine intelligent system that is wearable and powereddygtenof motors with
corresponihg joints and links that allowmb movement, incrasein strength ad endurance. It

canbe classifiednto three groups; empowering exoskeleton which extendsitiegthof human

beyond its natural ability while maintaining human control of the robot, orthotic exoskeleton
whose mechanical structure mapso the anatomyfahe human limb with a purpose to restore

lost or weak functions, and prosthetic exoskeleton which substitutes themtafter amputation

(Pons et al., 2008)

Depending on its purpose, the orthotic exoskeleton can be further divided into three subclasses:
augmentative, rehabilitative orsastive systems that can be mapped into human limb functionality
such as uppdimb, lowerlimb, and full body exoskeleton. The augmentative exoskeletons are
explicitly designed to enhance the ability of the human hand for professional use and work as
musde strengthening systems that can help to reduce fatigue and injury due to repetitive tasks. On
the other hand, the rehabilitation exoskeletons are proposed to provide guided movement,
repetitive training and support to the wearer in restoring thiddostion of limbs while assistive
exoskeletons are intended to provide physical support to activities of daily living for the physically
weak wearer(Viteckova et al., 2018)In the context of this research, an apjimb orthotic
exoskeleton is designed and developed as an assistive device that can provide practical assistance

to the hand that is not fully paralyzed (weak).

Exoskeletons havbeen studiedince the 1960s for industrial and medical applications. The
first whole-body exoskeleton robot; Hardiman, was bdiiting1965and1971 by General Electric
in conjunction with the United State military, actuated and supposed to be driven by a human
operator from the inside of the robot. The Hardiman | arm syst&siss of eight powered joints
wheresix joints are bilateral servoontrolled while twgoints are rate controlled using velocity
valve. The operator makes contact with the system at three points; the hand, the wrist, and the

upper forearm. The systerhpwever, is not overall successful due to several limitations and
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stability issuegGeneral Electric Company, 1969; Gopura et al., 20%ihice then, @search on

upperlimb exoskeletons farestoringand improving deficit in hand functions have continued.

Recently, several commercially available hand exoskeletonskiemredesigneduch asthe
MyoPro, Power Assist GloveCarbonhand AMADEO, Hand of Hope, InMotion HAND,
InMotion WRIST, Exohand, Ironhandnd RoboGlovgExoskeleton Report, 201.8Amongst
these the MyoPro, the Power Assist Glove and @erbonhandFigure 1.} work as assistive
devices while the others are designed to work as rehabilitative and augiwentevices.
Appendix A presents acomparison table between devices;irthinctions, basic features,

supported movement and cost.

(a) (b) (©)

Figurel.1l: Commercially available assistive exoskefetmnds; (a) MyoPro, (b) Power Assist
Glove, (c) Carbonhanflom Exoskeleton Report (2018)

MyoPro is a powered orthosis originally designed by MIT with Harvard Medical School to
restore arms and hand fdioms for uppedimb impairmentsurvivors(Myomo Inc, 2015)It is a
portable and lightweight arm brace that enables elbow flexion/extension with grésmitign
and works based on user motion intention. The user initiates the movement through their muscles
that generate myoelectric signals, whete amplified by thebrace and converted into desired
motion. 1t is currently the only marketed devi
activities of daily living. The MyoPro is available in three models using the same brace design
with different functionaty; Motion E for the powered elbow with static wrist support, Motion W
for the powerealbowwith multi-articulating wrist and Motion G for powered elbow with multi
articulating wrist and a poweredj@wv-chuck grasgMyoMo Inc and Compliance Solutions Ltd,

2017) The only drawback of the device is on its brace structure that provides significant support
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only for the arm an@lbow movements with limited wrist and hand function. Even though there
are three models offered to match patigpecific needs, none of the modeftersthe full range

of motion and degrees of freedom for the fingers that are ctodially regain tle hand function

and mobility

The other assistive orthosis devices are the Power Assist Glov€abdnhandhat are
designed to compensdta weak grasping by employing the soft exoskeletons technology; made
from soft materials, light in weight, inflatee membrane, etc. The Power Assist Glove is
developed by Daiya Industry to facilitate people who experience reduced hand functionality. It
consists of a glove with three fingers compartment (with the middle, ring and pinky fingers merged
togethe), sensas, pneumatic artificial muscles and a controller thdinkedto the compressed
gas canister. The gloveinflated to provide gasping assistant to the (Kedowaki et al., 2011;
Marinov, 2015; Noritsugu et al., 2008)

Similarly, the carbonhands designed to work as amssistive device to counterastak
graspinglt wasdeveloped and launched in 2017 by Bioservo Technologies sfitextramuscle
(SEM) technology; comprises sbft extra muscle glove and a control unit with touch sensors
mounted at the fingertip of the gloves. Artificial tend@me sewednto the glove alongside the
length of the fingers (for the thumb, middle and ring fingers). The glove mimics human hand
anatomy and strengthens the handgrip by adding extra force and endurance through the application
of artificial tendons. When the weak handgps the object, the touch sensor will signal the control
unit to pull thetendonand increase the gripping force in proportion todinengthsupplied by the

user making it easy for the user to control it.

Both devices have been clinically tested andvpd useful in providing assistant for the
physically weak users. The main limitation of inflatable technology, however, is laoking
structural support as the components that are used to provide movement forces are also responsible
for supporting thewe&ened body parts. Despite its advantages in providing comfamt
customizableto wear longg the inflatable membrane $iao external rigid frame causing the

excessive force to be absorbed by the user arglradck strain to theveak muscles.



1.3Main Challenges

The significance of this research ligsthe assistive hand exoskelesaover the past decade.
Despitemanytypes ofresearchhathave beerarried outn exoskeletondoth in academic and
industrial settings with various lewssf succesgshere are still issues that prevehemfrom being
widely commercializedThe existing hand exoskeletons face numerous challenges concerning
both hardware and software, whiicttludebut arenot limited tosafety and efficacynechanical

system humanmachire interface/control, device performance evaluatanmdcosteffectiveness

Ideally, the exoskeleton hand shobleldesigedto provide safe and seamless integration with
the wser without restricting motiont is crucial to consider thesefs motion caphilities asarange
of motion of their hand might reduce watiffening joints depending on their type of impairments.
Overrestrictingmovementprovides limited hand functionsvhile undefrestrictingmovementcan
cause hyperextension joints with potehtiguries. Moreover the biomechanics and anatomy of
human hand should be carefully studied and followed in designing the exoskeleton frame as
misalignment between human and exoskeleton joimgeaerate motions that may be harmful to
the userespecidly for thejoints. There are several techniques used to minimize the effect of joint
misalignment;hypeastaicity was formulated to prevent undesirdédrces (Jarrasse and Morel,
2012) selfadjusted jointCempini et al., 2013)optimal joint offset(Esmaeili et al., 2011)

minimal attachment poinfd.ambercy et al., 2013andcomplex mechaniss{(Li et al., 2017)

The exoskeleton hanshould also be desiged to be portable, light in wight and power
independent. The recent technological advances in robotic hardwareree and offered
much smaller and more powerful mechanical components; the sensors, actuators, power
transmissionandpower supplyetc According toGopura et al.(2016) analysis of mechanical
design is essential in developiag exoskeleton andt plays a significant role toachieve the
efficacy function of the roboaind povides comfort to the user To make the portable design
feasible small actuators with efficient power transmission and lighter materials for the frame
shouldbe considereds it can reduce the power consumption to overcome diverpsupply

limitation.



Aside from the safety, efficacy, and hardware development issues, ‘matdne
interface/control that considers intelligence in controlling the exoskeleton apfmedre the
additional challengeComparing the control design afiexoskeleton with traditional robot shows
a whole diversity as the human operator is not only the commander of the system but also as part
of the control loop itselfThisi s known-inalel 6bpméanThe human operat
the decisions, anthe exoskeleton implements the tasks. In controlling the exoskeleton robot, the
principal criterion is to work accordingtotheusé s mot i on i nshould beialderto Th e
adequately recognize the wearer actions and intentions to assist thenyphpeak and Riener
(2015) have surveyed sensor fusion metts in wearable robsand hae reported a drawback in
exoskeletons in obtaining the information rel:
inference methods have been used with more advanced sensor fusiohralgriprovide optimal
assisanceand robust reaction to the changes inuhe e r 6 s mot i o nsemsorfugiamt i on
based on EMG signals or electrical brain activity, mechanical sensor fusion andriebt@nical

sensor fusion.

Another major challenge isedlice performance elumtion due to limited accessibility to
exoskeletons in clinical settings, partly because of the costighttvel of traininghat isrequired
to supervisdhe users Alternatively, tie device performands evaluateceitherin physicallabs
using prootype withablebodiedusers or using software simulation thatast effectiveasit can
provide effective integration between the exoskeleton and human and eliminates the design flaws

without actual prototype

Finally, the elevated cost in developing exoskeletons cause significart challenge to
commercialize the robots. Technicaligvancd technologyis always associatealith high price
as it involves specialized hardware and mater@s)plextesting and performance validation
This process woulihcrease the efficacy of the function making the device neiate butoften

sacrifice the target market for the exoskeletons.



1.4 Aim and Objectives

This research embarks on tineodelling and control of upper limb exoskeletons for hand
impairments bsed on forearm EMGignals. Hierarchical contralith user motion intention is
proposed to help individuals with hand impairments to perform finger pinching and hand grasping
atvarious wrist positios It involves experimental work (for EMG data colleatipand simulabns

(for the theoretical works, control design, and performance validation). The objectives of the

research are as follows:

I.  To design and modeln exoskeleton hand that includesders and wrist movements in
simulated environment
ii.  To estalkh the relationshipbetween forearm EMG signals, finger pincl@sihandgrip
forces and various wrist positions and use these relationships to predict handgrip forces
exerted and joint angle®mputedvhen forearm EMG signabre usedsinput.
iii.  To designa hierarchical controller fothe exoskeleton hand based on the established
relationships.

iv.  To evaluateand validateoverall system performance.

1.5Research Contributions and Publications

The research contributions che highlightedas follows:

Fully actuated fingers and wrist design of the exoskeleton handl'he physicaldesignof the
exoskeleton hand is done in Simuliekironment before conveionto SimMechanics. Thieand
comprisesof five fully actuated fingers followinghe bony segment of humamders and a ore
degree of freedom wrisOften, the exoskeleton hamsddesignedsunderactuatedystem which
makes it difficult to resemble the actual human movementerms ofsystem mechanics and
controllability. Moreover the virtual hand design sptifies the modelling and mathematical
representation of theeal system and facilitatethe verification ofa controllerdesignedor the
exoskeleton handFurthermore it is more accessiblas it integrates all componentthe

hierarchical controlleandthetestbed/plantin the samesimulation environment.



Design of experimental setip for EMG data collection. A new experimental setip is designed

for EMG data collection to studwpter-relation between EMG signalgariousfinger pinchhand

grasps, and different wrist movemest The experimental procedure consgler broad data
collection process; skin preparation, muscle selection, and extraction of EMG signals on forearm
muscles contributing to the finger pinching and hand grasping forces at varisusiavemerg

To the authdd kEnowledge there is no experimental procedure found in the literaturesthadés
suchinter-relation and usedstablisttherelationship ag controlinput to control the exoskeleton
hand.

Myoelectric control of the exaskeleton hand.The nmyoelectric control approach is introduced to
establish thanter-relation between EMG signal&rious finger pincbs/handgrip forceandwrist
movemens. It involves several sensor fusion stages to extract useful inforniedrarforearm
EMG signals; data segmentation, filtration, normalizateomd feature extraction process. This
approach playsa vital role in decision makingertaining to theinterpreation of the used s

intentions that are useful for effectil@manmachinenteracdion.

Finger and wrist joints position estimation based on forearm EMG signals and finger
pinches/grasping forces The proposed myoelectricontrol approaches have successfully
established the inteelation between EMG signals at various finger pesthadgrip forces and

wrist movemerg. Over the years, many have successfully studied and perfoanpadtern
recognition scheme for the classification of hand gestures with decoding accuracies of above 95%.
However, the applicability of this scheme is limitede use in controlled laboratory condition

only. Moreover the human hans highly articulatedvith a wide range of degree of freedom.
Therefore, its movements are not limited only to discrete gestures but more to continuous and
coordinated gesturei@ving various andcomplexmovementsAtrtificial neuralnetwork (ANN)
andadaptiveneuralfuzzyinferencesystem (ANFIS)areemployed to map the EMG signals and
finger pinchgraspingforces withvariousfingerand wristjoints positiors. It is crucial inproviding
accurate control input to the controller so that when musctefiexed/extended, the hambves

predictaby and resembles movemaarid/orgrasping abilities otherealhumanhand



Novel control design for finger pinching, hand grasping and wist motion of the exoskeleton
hand. Hierarchical control framework thatcorporats the environment invhich the human and
exoskeletormove as part of its control design consideratisngroposedlt compriss a three
level control schemevith specific ontrol functionshigh-level, midlevel and lowlevel control
Thehigh-levelrecognsest h e u s e r liased onithe estaldlishex mtefationwhile the mid
levelis the transitioayer thatinterprets the directions from ussefined theinput to the specific
actuation/movement that activates Hmvel contro] which contains the feedback loop that
computes the errdor eachparticularcontrol action The transitions layer ut8esa finite state
controller to switch between finger pinching anchéhagrasping controller with specific wrist
motions depending on theserdefinedinput sendrom the highlevel controller.To the authdd s
knowledge there is no control design founal the literature to accomplighe control tasks of
exoskeleton hand iy the same methods.

Theresearch publications are:

i.  Assessmentstrategy of human upper forearm interrelation and muscle fatigue
Proceedings of CLAWAR 20120th International Conference on Climbing and Walking
Robots and theSupport Technologies for dbile Machines,Porto, Portugal, 113
September 2017.

ii.  Electromyographyassessment oforearmmuscles:towards thecontrol of exoskeleton
hand. Proceedings &th International Conference on Control, Decision, and Information
TechnologiesThessaloniki, Geece April 2018.

iii. Study oneffect of two adjacent muscles offlexor & extensor of finger pinch &
handgripforce. Proceedings of 5th International Conference on Control, Decision, and

InformationTechnologiesThessaloniki, Greecépril 2018.
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1.6 Thesis Outline

Thethesis is arranged and structured as follows:

Chapter 1: This chapter presents amerview of the research focaa the myoelectricnodelling
and control of an exoskeleton handaasssistive device fandividuals that suffered from hand
impairment; specificallystroke survivorsAn exoskeletoris expected to assist survivdmsregain
thar abilities in performingnecessargaily activities and indirectly restore their quality of life. It
started with a brief discussion about resediaxkground andnotivation, followed bythe solution

to hand impairments and its design challenges. Based chdlengesaimandobjectivesof the
research are formulated. The chapter aighlightsthe research contributions together with the

list of reearch publicatios

Chapter 2: This chaptepresentditerature review conducted coweg the broad aspects désign
considerations fathe exoskeleton hand; design of exoskeleton hand, issiaésd tamyoelectric
control, myoelectrianodelling contrd design and performance evaluation for the exoskeleton

hand.It alsosummarizeshe key research questions atite approacheadoptedn this research.

Chapter 3:1In this chapter, the design of the exoskeleton hiandresented in twalesign
environmentsnamelySolidworks and SimMehanics. provides details of theonceptuamodel
of the exoskeleton hand in Solidworks and the stepsmporting the model t&imMechanics
program scheme. The results from this chaptbich are illustratedn the form ofinterconnected
blocks arethen used in Simulink to represent the test bed of this reséarctesting the

performance of the controller desigrfedthe whole system.

Chapter 4: This chapter presents the data collection and pattern recognition prodessaaih
electromyography signals. It covers the muscles selection and experimental procedure for EMG
datacollection. Moreoverit discusses the pattern recognition process which inscgeeral

steps; signal conditioning, data segmentation, and feautesction. The features considered are
time domain features such as root mean square, mean absoluteiMageated EMGand
wavelength.The chapteexplains the process carried out 6MG signal collegbn so as tdbe

fully utilized for the next stepdinger and wrist joints estimations and control design
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Chapter 5: In this chapter, myoelectrimodellingfor the exoskeleton hansd presentedit stars

with an introduction of possible method to establish intetation between the forearm EMG
signalswith various handgrip strengths and joint/wrist positions. The focus is on machine learning
methods;ANN and ANFIS nodeling. The structure and simulation results for eathodare

discussed

Chapter 6: This chapter presents the design and control fnariefor the exoskeleton hand. The
control frameworks dividedinto three mairlevels; high-level, midlevel and low levetontrol
Moreover it discussethe integration process between each level and how the cisrgmitched
between finger movement tvrist movement and vice versa. This chaptesents andiscusgs

the performance analysi the developed controller.

Chapter 7: This chapter present the main conclusions drawn from the research carri€deout.
overall research contributisithat have been successfully achievede hihglighted The chapter

further provides recommendations for future work.
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Chapter 2

LITERATURE REVIEW

It is the absence of facts that frightens people: the gap you open, into which they po
fears, fantasieanddesiresd

2.1Introduction

In this research, hand exoskeleton is designed, modelled and controlled based on user motion
intention incorporated in forearm EMG signals. A literature review has been conducted to examine
the previous design approaches and associs®aes Each of the design decisions and
requirements provides challenges that need to be considered to design more reliable and efficient
hand exoskeletorThe reviewis divided into few sulsections; the hand exoskeletofgearm
electromyogram signalsdynamic modelling f(ngers and wrist kinematics estimatgnand

control design, validatiomnd performance evaluation for tegoskeletorhand. Based on the
strengths and limitations discussed, several key research queséforsulated, and approijate
approaches/methodologiesre selected to provide holistic design consideratioasd

implementations

2.2 Exoskeleton Hand

A considerable amount of literature Hsesen publishedn thedesignand developmerdf orthotic
exoskeleton hand for assistivadarehabilitatbn purposesTable 2.1 presented theepious
researchvork related tohis developmenEach of theesearch works evaluated, synthesised and
analysedased on various criteriaypported movementdegres of freedom, modelling, control
methods, type of applications and special features.
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Table2.1: Previous work related to the developmenth&fexoskeletorhand

References Supported  DOF Modelling Main Control Type; Field  Stage of
System Movements Input, Control of development;
Name Method Application  Special
Feature
Systems assisting wrist movements
Gopura Wrist 1 3 DOF Muscle EMG signal and Wearable Three
and Kiguchi flexion/exten modelling forearm torquea  orthosis; muscles;
(2008) sion, fuzzycontroller  Assistive healthy
ulnar/radial, device subject
pronation/su
pination,
Sasakiet al., Wristi 1 DOF Not specified  Joint angle, EMG Wearable Onemuscle;
(2005) flexion signal,Pressure  orthosis; flexor carpi
ASSIST control system.  power ulnaris
assistance healthy
subject
Huet al., Wrist 1 1 DOF Not specified  Surface EMG, Stationary Four muscles;
(2009) flexion and system; (BIC), (TRI),
extension rehabilitation (FCR), and
device (ECR). Post
stroke
subjects
Songetal.,,  Wristi 1 DOF Muscle Surface EMG, Stationay Two muscles
(2007) flexion and modelling joint ande and system; Poststroke
PolyJbot extension torque, PID rehabilitation subjects
controller device
Systems assisting finger(s) movements
Cesqui et al., 1finger 3 DOF Dynamics Emg, pattern Wearable Not specified
(2013) modeling recognition and  orthosis;
learning
Yamadaet Glovetype = 3 DOF Not specified  Position control  Portable Not specified
al., (2001) hand mode system
SkilMate (orthosis)
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References  Supported DOF Modelling Main Control Type; Field  Stage of
System Movements Input, Control of development;
Name Method Application  Special
Feature
Shields et Active 3 DOF Not specified Programmable Portable Not specified
al., (1997) flexion for microcontroller  system
thumb, index (PWM driven) (orthosis)
andmiddle
fingers
Martinez et Flexionand 3 DOF Not specified Digital control Portable Not specified
al., (2009) extension for system(under system
and (2010) thumb, index development) (orthosis)
andmiddle
fingers
Hoet al., Flexion for 5 DOF Notspecified sEMG Portable Commercial
(2011) each finges system system
Hand of (orthosis);
Hope physical
Rehab therapy
Robotics
Baker et al., Extension 3 DOF Not specified C-Stamp (coded Portable Finger
(2011) for thumb, in C) system tracking for
OHAE index and (orthosis) back
middle drivability
fingers
Kline et al., Extension 1 DOF Not specified  Joint angles, Wearable Stroke
(2005) for all SEMG glove subjects
fingers physical
therapy
Chen et al., Independent 5 DOF Not specified Fingers positions Stationary Not specified
(2009) linear and forces, system;
movement SEMG physical
of each therapy
finger
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References Supported  DOF Modelling Main Control Type; Field  Stage of
System Movements Input, Control of development;
Name Method Application  Special
Feature

Broaden Grasping 2 DOF Not specified  Switches Wearable Commercial
Horizons, using thumb or sEMG orthosis; system
Inc. (2010)  with index grasp
Power and middle assistance
Grip, fingers

(joined

togethey
Lucaset al., Flexionand 1 DOF Notspecified sEMG Wearable Not specified
(2004) passive orthosis;

extensiorof grasp

an index assistance

finger
Mulaset al., Flexionand 2 DOF Not specified sEMG, pulleys Wearable Not specified
(2005) extension for position orthosis;

thumband physical

flexion for therapy

other fingers
Tong et al.,, Flexionfor 10 Not specified sEMG Wearable Not specified
(2010) each finger DOF orthosis;

physical
therapy

Fleischer et flexionand 20 Joint angles,  Joint angles, Wearable Not specified
al.,, (2009)  abduction of DOF endpoint endpaint force,  orthosis;
TU  Berlin all major force, SEMG physical
Hand joints of SEMG therapy
Exoskeleton each finger
Brokaw et 4 bar linkage 4 DOF Kinematics Not specified Wearable Not specified
al., (2011) for  thumb trajectory orthosis;
HandSome and fingers rehabilitation

device
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References Supported  DOF Modelling Main Control Type; Field  Stage of
System Movements Input, Control of development;
Name Method Application  Special
Feature
Engeberg et 4 fingers 12 Dynamics Human model Prosthetic EMG data
al., (2013) DOF modeling reference hand collected from
adaptive amputee anc
controller nonampuitee
(HMRAC)
compared with
Sliding mode
control; force and
position control
Wang et al., 1finger 5 Kinematics Real timecontrol Wearable Not specified
(2011) ATX active, trajectory orthosis;
exoskeleton 3 rehabilitation
passive device
DOF
Worsnopp et 1finger 3DOF  Kinematics Force and Wearable Not specified
al., (2007) trajectory position input, orthosis;
AFX PID cantroller rehabilitation
exoskeleton device
Wei et al.,, 5fingers 14 Force Motor controller Wearable Haptic device
(2013) DOF simulation orthosis; (phantom
analyss rehabilitation premium)
device
Igbal et al., 2 finger; 6DOF Kinematic and Minimum jerk Wearable Multi-
(2010; thumband dynamic trajectory orthosis; objective
2014) index finger. modeling generationDSP  rehabilitation optimisation
HEXOSYS (56F807) based device strategy
controller;
position control
Peerdeman 5 fingers- 14 Ellipsoidal EMG input,state  Prosthesis Preshaping
etal., (2010) flexion DOF representation machine to amputee,
of the describe the hanc simulation
phalanges. behaviour
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References  Supported DOF Modelling Main Control Type; Field  Stage of
Systam Movements Input, Control of development;
Name Method Application  Special
Feature
Yang et al., 5fingers 14 Kinematic and Microcontroller = Wearable New jointless
(2016) DOF dynamic as a pulse orthosis; tendondriven
modeling generator; rehabilitation exoskeleton
forward, reverse, device
fast forward and
fastreverse pulse
signals.
Wang et al., 1finger; 3DOF  Dynamic A resistance Wearable Not specified
(2010) index finger modeling compensation orthosis;
control; real time  rehabilitation
controller that device
sample the angle
and forcedaa in
reattime
Yu et al, 1finger 3 DOF Kinematics and Position and Wearable Not specified
(2011) dynamics force input, force orthosis;
modeling compensation rehabilitation
algorithm (active) device
(Passive mode)
using PID
Gilardiet al., 1 artificial 4 Kinematic and Microcontroller ~ Prosthesis;  new
(2009; 2010) finger DOF; dynamic (PWM-PD) biomimetic
modelling feedback tendondriven
controller and a actuation
minimum system
jerk trajectory
feedforward
controller
J.Igbalet al., 1index 3DOF Kinematics and Grasping force as Wearable Not specified

(2010; 2011) finger

dynamic

modelling

input,
optimization
using Monte

Carlo method

orthosis;
rehabilitation

device
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References  Supported DOF Modelling Main Control Type; Field Stage of
System Movements Input, Control of development;
Name Method Application  Special
Feature
Systems assisting wrist and finger(s) movements
Hasegawa et 5 fingers 11 Surface EMG  bioelectric Portable Not specified
al., (2011, with a wrist, DOF potentiatbased  system
2008) flexion and switching control (orthosis)
extension,
adduction
and
abduction
Koeneman  Extension 1 DOF Not stated Wrist angle, Wearable Commercial
et al.,(2004) for wrist and flexion torque orthosis; system
Hand 4 fingers physical
Me nt por (exceptthe therapy
Kinematic thumb)
Muscles,
Inc.;
Takahashi et Flexion and 3 DOF Not stated Jointangles Stationary Not specified
al., (2008) extension for and torques system
HWARD wrist, thumb, (with desktop
and joined mounted
four medial orthosis);
finger physical
therapy
S. Ates et al., Extension 6 DOF Dynamics Microcontroller ~ Wearable Working
(2014; 2013, assistance modelling; to interface orthosis; prototype;
2014, 2015, for wrist and estimation of  sensors with the rehabilitation Interactive
2017) fingers, the angle basec dedicated PCot  device game
abduction on readings guide the user to
and from bending  play the
adduction for sensors therapeutic game
the thumb attached at
each finger
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References Supported  DOF Modelling Main Control Type; Field Stage of
System Movements Input, Control of development;
Name Method Application  Special
Feature
Rose etal.,, Flexion, 12 Kinematic Critically damped Wearable Donning and
(2015)and  extension, DOF coupling PD controller orthosis; doffing for
Pezent et al., radial, and analysis rehabilitation impaired
(2017) ulnar device subject;
READAPT  movements OpenWrist
for wrist features

attached to
Maestro
hand

exoskeleton

Basd on the literatureeview conductedthe orthotic exoskeleton hagenerally comprisea
rigid molded basic structure with actuators and sensors that support specific moveaidat®. 1T
categorise the exoskeleton hand into threasses systemassising wrist movement, system
assisting fingr(s) movement and system ia8ag wrist and finger(s) movemen&opura et al.
(2008) have proposed 3 DOF EMG based controlled exoskeleton robot that permits wrist

ulnar/radial, flexion/extension and forearm paitian/supination motions (§iire 21(a)).

(a) Gopura et al2008)

Figure2.1: The exoskeleton hargystems(a) Assisting wrist movementb) Assisting

(b) Baker et al(2011) (c) Hasegawa et al. (2011)
finger(s) movement, ana)(Assisting wrist and finger(s) movement
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The hardware of the exoskeleton is adaptable to the humarregastiingsegmental lengths,
number of DOF,the range of motion and itscente of rotation. Surface EMG and hand
force/forearm torquare useds the input control parameters for the fuzagtooler. The fuzzy

neuro contrder managed to implement a smooth natural and flexible wrist motion assistance.

Baker et al(2011)developed an orthotic hand assistive exoskeleton (OHAE) that retthéces
muscularforce needd to pinch or grasp (Figugl (b). It has three actuated fingethe thumb,
middle, andindex fingers, that are driven by cables attached to a glove. The device is portable,
easily manufactured and consists of four major-sggtems. FSR sensor is installed at the
corresponding ihgertip to triggertthe actuating motors to retract or extend, reducing the amount
of muscular energy utilized?eerdeman et gR010)have presented a model of myoelectricda
prosthesis based dhe biomechanicastructure of human hand thatservedas a testbed for the
development of control systems based on electromyography (EMG) Tingugrasp selection and
execution is control based on the myoelectric signals tbaayuiredand classified before being
fed to the model to control the motions that virtuapresent the prosthetic hand. The model is
validated using two different grasping types on a simple oljechonstrating reshaping of the
hand and flexion of #afingers and thumb. The resutsowthe exactfinger movement. However,
the dynamic analysis for tHanger extension is not included in this research enkkftas future
work. Igbal et al. (2010proposed a novel design of a thumb exoskeleton systeratfabilitation.

The optimisation of the devicewas achievedhrough natural finger workspace and capabilities.
The procedure includes analysisd#ily handlife common activities. Th@ptimization results

showadequate functionality of thumb exoskeleteith adequate ergonomics.

Hasegawa et a[(2011; 2008) have introduceda five-fingeredassistive handhat supports
human hand and wrist activities (Figurdl Zc)). It has 11 DOF: eight active joints and three
passive jointsA cabledriven mechanism mimicking human finger mottwas beemdoptedeith
each of the joints controlled independeniliie movemat of the device is controlled basedtbe
u s ehioélextric potentialThe grasping forces estimatedrom the bioelectripotential measured
by surface electrodes on the lumbrical musdés performance of the devibas beewalidated
through expaments ancdshowthat the exoskeleton allowsnch of a small object and augmesit

grasping force for heavy work.
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In 2013, Supervised Care and Rehabilitation Involving Personalrdetdics (SCRIPT)
project conducted by research collaboration (betweeranases from Netherland, USA, UK,
Italy and Germany) has introduced a new hand and wrist exoskeleton design named as SCRIPT
Passive Orthosis (SPO). The SPO is an interactive hand and wrist orthosis thatjpisidable
extension assistance, interfacedthwmotivational games fompoststroke rehabilitation. It
comprises of an ofthe-shelf mobile arm support with hand plate and digit caps, ‘oigue
transfer mechanism, torque generation mechanismisaglipped with vadussensors; IMU,
flex sensor,and potentiomete(Amirabdollahian et al., 2014; Ates et al., 2013, 20I8)e
prototype has been evaluated in many clinical setting (three clinical sites; United Kingdom,
Netherlands, and Italy) by theragiand has been extensively used by {sbsike patients at home
(Amirabdollahian et al., 2014; Ates et al., 20II)e main limitation of the developed exoskeleton,
however, is the absencé controller that can actively generate or control the movements to

provide automatic assistance orthosis for stroke survivors.

Considering the strengths and limitations, it can be concludednthiveloping competent
assistive deviceseamless integrian with the user by considering intelligaontrol as part of the
human machine interface; specifically, the user motion intemgiarprimary concerrAdvanced
handsfree human machine interface with intentidriven control approach is favorable when
compared to traditional user interfadee joysticks, keyboards, GUI etc) because it can control
the exoskeleton hand naturally in predictable way, making it more reliable and efficient in
communicating with the user and in providing assistance. It ieriat to improve the quality of
support for basic ADL to avoid dissatisfaction among thesiBatmaylead to the discontinuation
of the device shortly after use. The realization of user motion intention can be achieved by
employing mechanical sensor biomechanical sensing method like EMG signals. Huo et al.
(2010, 2015)proposed intentional reaching direction (IRD) method to quantitatively describe the
user motion intention foa 3 DOF poweassist uppelimb exoskeleton. The device was embedded
with multiple force sensing resistors with two modeling ngpdeatic force model for the relaxed
state and hybrid model for motion state. The motion intention of the user was estmlated
using Kalman Filter and a mode transition detector with admittance control strategy. The method
was tested on healthy subjects and offered satisfactory results. However, according to Kiguchi et
al. (2007)to activate the exoskeleton robot according to the user motion intention, a force sensor

based control can be employed for user without limb problem while for those who are not strong
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enough to move their limb, EMBased contiowith the EMG signals from certain muscles can

be adopted to activate the system accordingly.

Meng et al(2017)conducted a surveydhe existing surface EMG control strategies employed
in controlling wearable hand exoskeleton for rehabilitation and categorized the control methods
according to control input, control architecture and algorithm, and control output. Basesl on th
survey,it can be concluded that different exoskeletons would have different surface EMG control
methods depending on thaperating principles. DiCocco et §2004)developed a lightweight
orthotic (Figure 2(a)) control based on EMG signals and compared several control strategies for
the device Natural reaching and pinching sequence control strategies were designed using binary
control (a simple on/off control states), continuous variable control (a proportional controller based
on filtered EMG signals) and natural reaching algorithm (testedambyontralateral arm), with
conclusion that binary control provides faster interaction with objects while variable control
provides more controlled interactionBhey concluded thahe system is effective in enabling
pinching movements to those who sudigfrom hand mobility. However, only indéumb finger

pinch was studied in @research.

Wege and Zimmerman{2007)had developed an exoskeleton hand comprised of four fingers
(with four joints for each finger) for rehabilitation following hand injuries or stroke. The device
(Figure 22(b))was controlled using sliding mode position control integrated with several sensors;
hall sensors to measure the joint angles, optical encoders to measure angles of the motor axes,
force sensor to measure the force between the user anevike,dand EMG sensor to measure
the muscle contractions. According to them, the user intention recognition via force sgnsors
often impossible to distinguidketweerthe forces exerted by the user or environmamihuman
machine interactiois less eficient. Thus, EMG signals were acquired and blind source separation
was applied to avoid signals overlapping and variations in the different muscles. However, due to
several limitatios of the experimemtl setup, the results yielded were not accurate.-Non
distinguishable overlapping movements were detected due to thalredfect of two adjacent

muscles (flexor and extensor) and theactivation of neighboring muscles.
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Figure2.2: The sEMG based controlled exoskeleton hand (a) from Carnegie Mell
University (b) from Technische University of Berlin

Besides seamless human machine interacinothersignificant challengeis to developan
exoskeleton hand that can date the function and movement of actual human h&msign
optimization in virtual environments that considerli@mechanical conditions and human factors
in a systematic manner can benefit the device development process not only in terms of safety and
efficacy measures, but also in terms of cost effectiveness and mechanical/hardware system
selection for the exoskeleton hand. Virtual environment su@inalslechanics, VisuaNastan
and AnyBody software provide useful design and significant testing ptafo complex system
like exoskeleton hand where researchers can simulatenbeptual and detailed desigest their
controllers and validate their functionality without constructing the actudbtype. Miranda
Linares et al(2015)develoed a humanoid and lowdmb exoskeleton model, testthe finite
state controller and tesd the functionality of the exoskeleton in SimWise, virtual environment
platform. The model was assembled and coupled with appropriate kinematics characteristics,
which was then computed and integrated with the controller to valitiat overall system
performance. The visualization of motion for both (the humanoid and exoskeleton) interacting
with external forces and disturbances yielded satisfactory and readmstitst
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2.3Forearm Electromyogram Signals

The electromyogram signal (or also known as myoelesigica) is asummationof Motor Unit
Action Potential (MUAP), a tiny voltage generated from the contraction of activated rfibsese

by motor neurons. Tre are many muscligbres within human forearnmuscles, whichacts
individually and add ufo a larger unit each time the hand flexes or extends. Duringgngmihg,
when the person intends to exert more hgng force, the strength of muscle contrantiis
increased by central nervous syst@ntwo ways; increasing theumber of motor units activated
(spatial recruitmen@nd increasing the firing ra(@equency) at which individual motaor n i fites 0
(temporal recruitment)The electrical signals obiteed from musclaredisplayedon oscilloscope

as common practiceince 1922However due to the ranth and stochastic nature of tB&G
signals, therds limited information tht could be extraced from the oscilloscopeeadings
According toDe Luca (1979)the EMG signal is an exceedingly complicated signdich is
affected by the anatomicahd physlogical properties of muscles. Thus, it is crucial togass
the signal before iizing in the research. Konra(R006) defined EMG asan experimental
technique concerned witihe development, recording aadalysis of myoelectric signal$he
structure of the EM@an be identified andnalysedn few processsnamed as pattern recognition
process. According thalitharatneet al, (2014)there are four steps to recognize the pattern of
EMG signals: acquiring the data, segmenting the data, extracting the features from the recorded
data and mapping the data into classes. Each steps isgeleral methods or techniques (Figure
2.3). The pattern recognition stepas beenemployed by other researchers with several
modifications on the methods or technigues usetnprove the efficiacy of themyoelectric

control scheme.

According to Khushaba et g2010, 2011)it is crucial toproduce a highly discriminative
feature set that can wetcognisalifferent finger movements to facilitate the implementation of
myoelectric control scheme for the hand prosthesisy e investigated forearm sEMG signals
from nine subjects performing0 classes of individual and combined fingers movements, and
extracted and projected various feature sets using several time domain methods; waveform length,
zero crossing, slopsign changes, skewness, rootansquare, mean absolute value, integral

absdute value, and autegression feature3.hey have proposedaccurate and efficient feature
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projection method based on Fuzzy Neighborhood Preserving Analysis (FRiBWingpractical

results indicating a significant classification with average accurb®l%. In 2012 they have

further studied and proposed a combined feature selection and projection method denoted as
Mutual Components Analysis (MCAYhey have compared the performancehaef MCA with
traditional Principle Components Analysis (PCA), Lindaiscriminant Analysis (LDA) and
Uncorrelated Linear Discriminant Analysis (ULDA). Later in the same ykay, haveextended

the research and proposed Bayesian data fusionppmstssing approach as part of the
classification method and manag® maximise the probability of correct classificatn with

average accuracy of 90%hushaba et al., 2012; Khushaba and Kodagoda, 208&)approacss

usedaresimilar to that used by other researchHaus with extensive explanation on the selection

of features.
EMG raw data
v — Invasive method: using needle electrodes
Data acquisition » Non-invasive method: using surface electrodes

—» Signal conditioning — Notse rejection/filtering

— Amplifications

L Normalisation

¥

— Disjoint segmentation

Data segmentation

— Overlap segmentation

Mean absolute value (MAV), root mean square (RMS), wave
— Time domain ——» form length (WL), integrated EMG (IEMG), zero crossing

! (ZC), slope sign changes (S5C), etc.

Auto regressive coefficients (ARC), frequency median (FM),
modified frequency median (MFM), frequency ratio (FR), etc.

Feature extraction » Frequency domain —»

Wavelet transform (WT), short tune fourier transform

— Time frequency domain —»
(STFT), wavelet packet transform (WPT), etc.

- Neural network (NN), fuzzy logic (FL), fuzzy-neuro (FN), bayesian classifier (BC), linear
Classification — discruminant analysis (LDA), support vector machine (SVM). hidden markov model

(HMM), etc.

Figure2.3: EMG pattern recognition process; adopted and modified fralitharatne et al,
(2014)
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Phinyomark et a2012)suggested that careful selection of features is impbfta successful
analysis ofthe EMG signals antheir classification to avoid producing feature sets that cortain
number of redundant featurd@hey havestudied mostomplete and upo-datethirty-seven time
domain and frequenegomain features anighdicated that some of the tind®main features are
redundant wite the frequencydomainfeaturesperformance in class separability is not suitable
for EMG signal recognitiorBased on miematical properties, the tintlomain features can be
grouped into 4main types; energy and complexity information method, frequency information
method, prediction model method and tidependence methodhey havefurther extended the
research and investigatéke behavior ofifty time-domain and frequenegomain features$o
classify 10 upper limb motions using forearm EMG signals. The result shows that the sample
entropy (SampEn) outperfoed other features when compared using LDA classifier.
(Phinyamark et al., 2013, 2014)

Khezriand Jahe(2011)havedesigned multistepbased SEMG pattemecognition systerfor
identifying the hand motion commands for rehabilitation purpofbey adopted a adaptive
neura fuzzy inferencesystem (ANFIS)Yo classiy and recognize six classesland me@ements.
A hybrid back propagation and leaseansquare algorithm was used to trdie fuzzy system
while a subtractiveclustering algorithm was utilizetb optimise the number of fuzzy rul&he

proposed recognition schemnjields satisfactory result identifying complex hand movements.

Mohideen et al(2012; 2011have constructed an EMG circuit to pprocess the EMG signals
extracted from forearm muscle to study the relationship between EMG from faressote and
hand grip strength. It amplified, filtered, and rectified the raw signals to acquire linear enveloped
signals through electronic instrumentation. fyh&so included feature extraction and mapping for
the extracted signals theirresearch. Thdeveloped circuit yielded satisfactory result. Thame
several researaworks corducted similar to this workCesqui et al(2013)have investigatedhe
use of EMG signalin robotbased stroke neur@habilitation to enhance functional recovery. The
classical approach for EMG based pattern recognition is explored to study its relevance in
predicting patientsd i nt ealtirecbed movdmentme rightt e mpt |
handed healthy subjects and seven flgirided stroke survivomsereused as the test subjects.
The resultsveresatisfactory for the EMG detection but showed that the EMG pattern recognition

might not be practical to interet the normal and abnormal muscle patterns.
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2.4 DynamicModeling based on ForearmEMG Signalsfor Exoskeleton Hand Control

In biomechanics, thase ofsurface EMGhasdominated three applications, onewdiich is its
relationship to the f@e produced ¥ a muscle. Thusthis sectionwill explore the recent
developmert in establishing the relationship betweeM@& signal, generated by muscles at
differenthand gripforcesand wrist joint angle The results of forearm muscle activitygcludethe
finger(s)and wrist flexion orextension. In controlling the movements of the exoskeleton hand,
information relatinghandgripforce andwrist joint angles to forearm muscle activity is useful to
be useds part of the control algorithrihere are severatsearchvorksthat havebeenconducted
toinvestigate these relationshifgdeket al.(2012)has studied the relationshptweermuscular
effort of the fexor muscles in the forearm ahdnd grip strengtrEMG signals were measured
usingconstructecklectronic circuit from thasubject while apping minimum, intermediat@nd
maximumhand grips on a hand gper. The resulthave showrthat EMGfrequency from the
FlexorDigitorum Superficialis (FDS)ncreasewith increasedhandgripstrength. This information
relating EMG from flexr muscles tdiand grip strength is useftdr usein hand rehabilitation
devices to estimate suitable rearste tobe providedio patientsduring rehabilitation routines
Similarly, Haarlar et al(2016) Khushaba et a{2012) Suresh et a{2011) Lucas et al(2004)
and ZardoshtKermani(1995)haveinvestigated the same intexlation between EMG and hand

grip force.

Gopuraet al.(2008) hasstudied the relationship between muscle activationl$evgh wrist
position.Theyhave implemented natural and flexible wrist motion assistance by employing fuzzy
neuro control based on EMG signaieasured from various flexor, extensor, supinator and
pronator musclesChange in rascle activation levelin accordance withthe angles of wrist
motionsis analysedind this informations used © formulatefuzzy rules of the fuzzy controller.

The authors pointed othe difficulty of discriminating wrist motions based on the EMG activity
of t he s ubjaswmeduscles are useal nananly for one type of motion but also for
multiple motionsSimilarly, Sasaki et a[2005)have developed an active support splint driven by
pneumaticsoft actuator (ASSIST) for bending motion assist at a wrist. The effectiveness of the
deviceis evaluatecby measuring the bending angle of the wrist without human muscular force.

EMG signalis measureat a flexor carpi ulnaris; one tfe musdesused in bending a wrist. The
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amplitude of the EMG signal decreases significantly in the cases with or without ASSIST showing
that the burden for the muscle can be decreased by the generated ftomqu&SSIST. This
relationship is important in provirthat with proper analysis of EMG, the bending motion of the

wrist can be realized even without human muscular force.

Hu et al.(2009)alsoinvestigated the motor functional recovery process in chronic stroke during
robotassisted wrist trainin@0 training sessions that involved wrist tracking using an interactive
rehabilitation robot haw been conducted utilizing EMG activation levels from four muscles:
biceps brachii (BIC), triceps brachii (TRI, lateral head), flesanpiradialis(FCR), and extensor
carpiradialis (ECR) to monitor the neuromuscular changes during the training course. The
guantitative changes in EMG activation level for individual subjects suggested that most of the
subjects had decreased EMG activity and reduced musclentaction in the related muscles by
simple pre and postraining tests. On the othéand, Song edl. (2007)designed dorizontal
robotic system tht is myoelectrically control to assist wrist movement for the-ginske patient.

The subjectbdés intention measured based on the
muscles are used to control the wrist flexion or extendiba.neuromuscular chaag during the

wrist training course from BIC, TRI, FCR and ECR muscles are monitored where most of the
muscles had decreased EMG activity and reduced musatentraction with the increase of

assistance, which reflected that less effort was needed feulect to flex or extend the wrist.

All the aforementioned studies that hateemptedo establishtherelationship between EMG
signals, various hand grip strengsimd finger and wrist positiginave not dealt with the intricate
dynamics modelling ahe hand. Researchers have not treated the transformation process between
muscle activation dynamics into forces and joint movement estimations in much detail. According
to Buchanaret al. (2004)the biomechanics of human movement can be fundamentally gtudie
using two approaches; forwamdlynamics and inverse dynami@d can beised to estimate the
joint moments during movements. In forward dynasaigproachneural command that specifies
magnitude of muscle activation based on forearm EMG signals is used as tbéiopat. The
magnituds of EMG signalschangewith respect to the neural command andywdgpending on
many factorse.g.the muscle itself, the gain of amplifiers, the types of electrode used etc. Thus,
the EMG signals need to transform into a parameddied as musclactivation, whichwill

produce an output in terms of time varying value with a magnitude between OHmddan be
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done by normalising the raw dafehe muscle activation can then be mapped into joint angle for
wrist and respective fgers.To better understand the continuous kinematics estimation and
dynamic modelling of the hand, extensive literature rewes conducted covering range of
statistical approaches that can be usecdestimating the relationships among the aforesaid
variables. Table 22 preserdthe related work found in the literature jomt angle estimation of

the hand based on EMG signals.

Table2.2: Previous work doneelated to the dynamic modelling of the hand

References Subjects Movement, DOF/, Features Estimation Performance
number of muscles extraction method Indicator
electrodes method

Ngeo et al., 10 able bodied Multiple finger EMG-to-muscle ANN and RMS error and

(2012, 2013; subject 8 bipolar  flexion and activation, time  Gaussian mean

2014) electrodes extensiopnmuscles; domain features Process (GP) correlation

APL, FCR, FDS, MAV, WL, WA for joint angle coefficient
FDP, ED, El, ECU, and VAR estimation

Shrirao et 15 able bodied Flexion and Normalised ANN for RMS error

al., (2009) subject 2 extension of an RMS value finger joint
electrodes index finger; EDS angle

muscle estimation

Worden et  NinaPro database Flexion of the MAV, WL, Multivariate Normalised

al., (2018) 40 subjects12 fingers and thumb, RMS, FILT Bayesian RMS error
electrodes extensor, flexor, mixture of

triceps and biceps expert for
muscles fingerforce
regression

Hahne et al., 10 able bodied Flexion, extension, Variance LR, ME, RMS and

(2014) subject 192 radial, ulnar of the MLP, KRR standard
electrodes wrist. deviation

Muceli et 6 ablebodied, 64 Flexion, extension, Linear envelope ANN for wrist Mean relative

al.(2012) electrodes radial, ulnar of the kinematics error

wrist, pronation and estimation

supination of the
forearm flexor and

extensomuscles
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Ngeo et al(2014) presented a simultaneous and multi finger kinematics estimation method
based on surface EMGhe forearm EMG signals together with the finger kinematics of 10 able
bodied subjects were used to model the EMi@&nuscle activation features that also parameterize
the electromechanical delaA model free approach for each joinaswsed to estimate the
complex finger kinematics. Machine learning regression techniqueANNeand GP regressor
employed have shown viable estinoatiresults with ANN outperforminthe GP. The auther
claimed that the proposed muscle activation has successfully improved the estimation accuracies.
However, the resultarebased on data that isaysed separately between subje8isnilarly,

Shrirao et al(2009)investigated a technique to predict the fingertj@ngle from the surface

EMG measurements of the extensor muscle using neural network models. The sEMG and joint
ande measurement for flexion and extension of an index finger were recorded simultaneously at
three different speedfast, mid and low. The results yiettiemaller RMS error for fast spead

compared to the low speed finger extension.

Hahne et al(2014) presented an independent, simultaneous and proportional myoelectric
control for 2 DOF wrist prosthesis by using linear and nonlinear regression methods; linear
regression (LR), mixter of linear experts (ME), multilayer perceptron (MLP) and keriugle
regression (KRR). SimilarlyWuceli et al.(2012)used artificial neural network to estimate wrist
and hand kinematicsThe result yielded a viable sdilon that provides practical control for

multiple DOFs.

2.51ssues & Control Design for Exoskeleton Hand

In general, employing EMG signals as part of control strategies will improve control
performance as the signat®ntain important information relatedo user motion prediction.
However, most common controlleusesbinary methods which open or close, to actuate the
gripping motion of the hand. Similar reseat@dsbeen done using the same control methmnds
Cesqui et al(2013) Peerdeman et a{2010) et al., Igbal et a{2010)and Haegawa et al. (2014).
Working with surface EMG signals as control input, the control method adopted should be able to
cope with the time varying properties of musidet dynamics, subject and day variations, muscle
fatigue etclt is difficult to obtainsimilar surface EMG signals on same subjeti@same muscle
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movement as the signals are affected by the physical and physiological conditiwmsdé
contractions. Therefore, adaptation to this condition is crucial. Adaptation can be intreitleed

in classifying the control i nput (userso int
designing the control scheme for the exoskeleton hand.

Meng et al.(2014) proposed an active interaction control method for 6 DOF parallel-robot
assisted lowelimb rehabilitation. The interaction ctol integates two componentEMG-
triggeredassistance and the adaptive impedance control sciigrmenovement intention and the
robot assistancarepredicted and triggered through this integratidme Tobot velocity during the
exercises influencedby the adagation ofimpedancecontroller,t he user 6 s muscl e &
is evaluated onlinandtherecovery conditions adapted to theobotimpedanceTherobotcanbe
driven by the proposed method with a distinct increased in the muscle activity levelsrbetwee
active mode and EM@&iggered mode.

Chenet al.(2011) presentech hybrid control strategfor a fivefinger 14 DOF robotic
hand. The authsrexplored severatontrolles using adaptive neuffuzzy interference system
(ANFIS) and fuzzy logic (soft control techniques) and proportialeaivative (PD) cotroller
(hard control techniques.he inverse kinematics of the thriyek fingers is computed using
ANFIS while fuzzy logic is used to tune the PD parameters with 2 input layers using 7 triangular
membership function and 49 fuzzy rules. Thetihed PD ontroller exhibit superior performance

in comparison to the PD, PID and FL controllers alone.

2.61ssues & Performance Analysis for Exoskeleton Hand

The performance of the control design should be evaluatathtgseahe effectiveness of proposed
control techniques.There are many ways to analyse the performance of each proposed
methods/techniques regardless of the area ofstedtures extraction, joint angle estimation, and
control methodsNonetheless, only several researchergediscussed methodsbpted for the
performance analysis. Meng et@014)analysed the performance of the proposed control method
(active interaction controller) by comparing ttié&erences in muscle activity levebetween the
proposed and traditional method$ie RMS values were compared and the results showed that
the proposed method yields higher values compared to the traditional control method. Similarly,
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Ngeo et al(2014) used Normalised RebeanSquare Error (NRMSE) and Pearson Correlation
Coefficient or known as Ralue index to measure the performance of nuthemployed in
extracting the useful information from the EMG as well as the methods used to estimate the
complex finger kinematicsThey used3-way ANOVA test with TukeyKramers poshoc
comparison test to decide the best methods used in joint estifnatveeen subjects, DOF and the
featues used. On the other haritang et al.(2014) analysed thestability of their proposed
controller (adaptive PID neural network) using Lyapunov methadording to the Lyapunov
method, whetYo Q@ mihin any samplingperiod,where V(k) is Lyopunov functiorthe closed

loop system is stable.

2.7Summary

This chaper has presented the reseabatkground, a detailed review of the design and
development of the orthotic exoskeleton hand for assistivé rehabilitation purposes, the
electromyogram control techniques, and the dynamic modelling oéxbskeletorhand The
methodology used to develop the exoskeleton hand alongside its main challeregtadiedand

discussed

Despite the fact that there is extensive research focusing on the design and development of
exoskeleton hand, more dexterous and combined Braget wrist control especially for seamless
humanmachine interaction has not received the same amount of attention. Previously published
studies show that the current control scheemployed in controlling the available multiple DOF
exoskeleton hands caot fully utilise the hand function because there are fewer control inputs
than the joints that need to be controlled. The most significant step to facilitate an effective control
scheme is to extract the useful information within EMG signals to prodgbegbality feature

sets with significant separability of classes for each finger and wrist movements.

The pattern recognitiobased control or known as myoelectric control appraecbhmmonly
employed in previous research to process and fully utiliseddahected EMG data which includes
data acquisition, data segmentation, feature extractioolassification Such approaghowever,
has failed to efficiently control the exoskeleton hand as direct control using classification

commonly process onbsingle movement at a time, even with extended classificatiomstable
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to process more than one class, some movement limitation might have applied (i.e. two joint
commonly cannot be controlled independently if two functi@ms activated in parallel).
Therefore, independent proportional control using regression method to establislatioeship
between G signalgenerated by muscles at differérandyrip forces and wrist joint angle is
needed. Unlike classifieregressor estimatesontinuous joint agle values for each DOF of
fingers and wrist, allowing an independent, simultaneous and proportional estimation that can

facilitate a fluent and natural control for the exoskeleton hand.

In this researchthe patterrrecognition process is modified by taping the classifier with
supervised learning method.féedforward artificial neural network (ANN) and adaptive neuro
fuzzy inference system (ANFIS) with subtractive clustering are adopted to establish the
relationship between forearm electromyogramnaig with various finger pinches, handgrip
forces, and wrist position$ he irgrip joint anglesandhandgripforceswere predicted to provide

the spectrum of gripsather than a discrete get continuous contradf the exoskeleton hand.

This chapter prtrayed the upmost important platform forstliesearch since trovidesthe
required steps to develop the exoskeleton tedfidiently. The detailed methodologies together
with their findings were discussed in the next following chapters; chapter e design and
modelling of the exoskeleton hand in the virtual environment, chapter 4 for the forearm EMG
signal analysis, chapter 5 for the dynamic modelling of the hand and chapter 6 for the design and

control framework.
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Chapter 3

SYSTEM MODELLING AND DESIGN

AHand is a miraculous creation that no sleek isshmed

3.1 Introduction

This chaptepresents the modellingnd desigmrocess for the exoskelettwand The key is to
understand thbuman hand anatompiomechanicand measurements émsue safe @eration
and usefulfunction of the device. The humdrandis highly articulatedwith various range of
motion (ROM) and it sizes or dimensiorery amongndividuals. Deepunderstandingf the hand
structure is crucial in obtainingracticaldesign and maal of the exoskeletorso that taesemble
the actual human hand and provide proper movements/funciibasnodel is developedased
on a systenatic knowledge of thehuman hand following standard anthropometric hand

measurements for women

Technically,a mathematical model of the hand is complex and difficult to deaind,itoften
requires assumptions and lineaation to be made especially in mdday the nonlinearities
associated with the system, making the modelling process tedious and complicatedhf$he
assumptions and lineaation may neglect thessentiafeatures of thdhandand restraints full
functionality when implemented ihe real systemMoreover simplified mathematical moded
not sufficient to investigate the overall systemfp@nance and it leads to the deficiency in
validation of the control algorithm. Thus, in this researchphysical modellingsoftware;
SimMechaniceembedded with Solidworks design toolcisosen ovethe complex and lengthy
formulations of mathematical eduans to aidthe designing and modellingrocess forthe

exoskeleton.
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Solidworks is used tdesign and assemblbe exoskeletonand this igshenimportedto the
SimMechanics software thetcompatible andllows verification of themodelin MATLAB . The
SimMechanics program enables mechanical systems modelling, motions simulation, parts and
structures editing, parameters optimization amtheranalysis withirthe Simulink environment.

The physical model of thexoskeletorhanddeveloped is used as a silation gatform (testbed)

to facilitatethe validation of the joints angle estimations, control algorithm, and overall system
performance before real embodiment is doneill help to reduce the research castjuire less
testing and shortethe time 6 commercialis theexoskeleton

The chapter is structured as follovitsstars with a description ohumanhand anatomy and
biomechanics, followed by thanthropometric hand measurements for wontka,design @
exoskeleton hand inSolidworks, modelling of the exoskeleton hand isimMechanics

environments and ended with a summary.

3.2Hand Anatomy and Biomechanics

In generalhuman upper extremityonsists of four segmentshouldey arm, forearmand hand,
and ischaracteried based on its mobility arability to grasp/manipulate. THeandis composed

of five fingers four medialfingers (index, middle, ring, and pinky fingers) and a thumb, palm
dorsum of hand andrist. The skeleton o& humanhand(Figure 3.1) is consists 027 bones
which canbedividedinto three groups8 carpalboneshatmake up the wris§ metacarpal bones
as the root of the hand, add phalangedor the fingers The phalangeare dividedinto three
intercalated bony segmentiistal, intermediate, angroximal phalanges. Thaistal phalangés
locatedat the fingertip, connected to the proximal phalangeisHatatedat the base of the finger
through an intermediate phalange. The proximal phalégéso connectetb the metacarpal

bones in thgpalm

Anatomically, ech ofthe phalangeis connectedhrough finger jointsmetacarpophalangeal
(MCP), proximal interphalangeal (PIP), and distal interphalangeal (DIP) joints. The MCP joint of
the handhas twodegrees of freedonDQOF) (adduction/abduction and flexion/extensiavhile
the PIP and DIP joints botlare single DOF(flexion/extensioh The PIP and DIP joints are
interdependeraisthe DIPjoint is apassive DOF that is driven by the rotation at the PIP. Hence,
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each natural finger cdme considerea@s a 4 DOF mechanism Wwithree active and one passive

joint (Gilardi et al., 2010; Gopura et al., 2011; Moore et al., 2014)

Thumb Index Middle Ring Little I Fingers/ Digits ]
PIP————————»

Mcpﬁ—‘

.\\L\

E:] Distal Phalanges

D Intermediate Phalanges
[ l Proximal Phalanges

[:! Metacarpals
- Carpals

Radiocarpal

Figure3.1: Sketch for bones and joints of a human hand

3.3 Anthropometric Hand Measurements for Women

Thereis alargeamount of variatiotin the dimensiondeaturessize and shapef thehumanhand
between and within individuals and populatiocdemmonly, hehandlength isabout oneenth of

t he i ndi vi deneduaterthéeegthof theirupparedtremities The assessment of the
physical dimensionsof the handis obtained based on anthropometric measurements.
Anthropometry, which refers to thmeasuremenbf the human bodywhere data about the
distribution of body dimensions in populationis studied and ana$gd, can provide crucial
information forexoskeletonglesign In the contextof this research, several anthropometry on
women hand measurements, performed by other reseafCladis et al., 2014; Esmaeili et al.,
2011; Jee et al., 2016; Kong and Kim, 2015; McLain, 2010; Nag et al., 20@3¢ studied and

employed taascertain humamachine compatibility andccurate size of exoskeleton.

During the measurement process, the hand is positioned in a straight and flat position instead

of in arelaxedposition The dimensions of the flatdearesignificantly longethanin therelaxed
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hand thereis a possible unconscious tendency to cugl tlhnd.The measurements for finger,
hand, palm, wrist breadth and hand depth were recorded ssiegal appropriate measurement
tools; electronic digital clper, finger circumference gauge, and digital measurement tape based
on the hand measurement gliam in Figure 32. The diagram illustratethree different hand
positions; straighandflat, maximum reach and finger grip, ftire right hand of a womarThe
definitions for hand dimensions and biomechanics measuremietite diagramare as listed in
Table 3.1:
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Figure3.2: Hand measurement diagrdomit is in cmunless otherwise specified)
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Table3.1: Hand dimension and biomechanics measurement definition

Hand Dimension

Definition

Handlength

Hand width

Hand depth

Wrist breadth

The distance from distal wrist crease baseline to the tc
themiddle finger measured alongside the axis of the h
The breadth of hand measured across the palm; fron
side to the other side of the hand with all fingers clc
together.

The diameter betweentanior to posterior of the haredd

in a position with palm facing down; fingers are clos
together with the thumb held against the side of the he
The breadth of the wrist measured alongside distal
wrist crease baseline of the hand from the ulnar to

radius side.

Biomechanics Measurement

Definition

Flexion/extension for each digit

Wrist angle

The angle between two phalanges when the respe
joint of the fingerare moved through the entire rangé
motion (flexion/extension).

The angle between metacarpal bones to the neutra
(hand is in a straight and flat position) when the radioce

joint is moved from full flexion to full extension.

Based on the selected literat(kécLain, 2010; Nag et al., 2003jere are thiryseven essential

hand dimensions for women from different ethnicity considered in this research, as listed in Table
3.2. All these dimensions weselected as most of the measurements are relevant to the design of
the hand exoskeleton and cover a wide range of hand parts (the bony segment of fingers and wrist),
functionality and range of motion which are essentials and important to produce anetwoskel

that emulates the real human hand. Moreover, the dimensions have been measured and studied in
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different women population. The dimensions are in terms of range (minimum and maximum

measurements, except for British women data) within sufficient sataple s

Table3.2: Comparison of selected hand dimensions

Population Asian American British
Sample Size 95 300 5.1
Hand length 13.519.0 14.921.5 17.43
Hand width 4.7-8.0 6.6-9.8 7.72
Hand depth 1.62.8 - 2.57
Wrist brealth 3.66.2 4.6-7 5.16
Digit 1 distal phalanx link length - 2.24.1 -
Digit 1 proximal phalanx link length - 1-2.9 -
Digit 1 tip to finger crotch length 4.47.4 4.98 -
Digit 1 tip to wrist crease length - 10.315.4 -
Digit 1 interphalangeal bresh 1.02.4 1.7-2.5 -
Digit 2 distal phalanx link length - 1.93.2 -
Digit 2 intermediate phalanx link lengt - 1.42.8 -
Digit 2 proximal phalanx link length - 4.1-8 -
Digit 2 tip to finger crotch length 5.07.9 5.68.4 7.83
Digit 2 tip to wrist creae length - 14.020.3 -
Digit 2 distal interphalangeal breadth 0.61.4 1.42.3 -
Digit 2 proximal interphalangeal bread 0.81.7 1.62.4 -
Digit 3 distal phalanx link length - 2.1-3.4 -
Digit 3 intermediate phalanx link lengt - 1.7-3.6 -
Digit 3 proximal phalanx link length - 3.7-7 -
Digit 3 tip to finger crotch length 5.7-8.8 6.2-9.6 7.7
Digit 3 tip to wrist crease length - 14-21.3 -
Digit 3 distal interphalangeal breadth 0.61.5 1.42.1 1.49
Digit 3 proximal interphalangeal bread 0.751.7 1.62.4 1.75
Digit 4 distal phalanx link length - 1.93.3 -
Digit 4 intermediate phalanx link lengt - 1.63.5 -
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Digit 4 proximal phalanx link length - 3.7-6 -

Digit 4 tip to finger crotch length 5.28.0 5.59 8.62
Digit 4 tip to wrist creaseshgth - 13.820.3 -
Digit 4 distal interphalangeal breadth - 1.52.3 -
Digit 4 proximal interphalangeal bread - 1.32.1 -
Digit 5 distal phalanx link length - 1.63.0 -
Digit 5 intermediate phalanx link lengt - 1.02.4 -
Digit 5 proximal phalax link length - 2.84.9 -
Digit 5 tip to finger crotch length 3.96.6 4.1-7.3 5.67
Digit 5 tip to wrist crease length - 11.418 -
Digit 5 distal interphalangeal breadth - 1.21.9 -
Digit 5 proximal interphalangeal bread - 1.32.0 -
Legend:

0 The unisfor al measurements are in centime(ren).

o The ¢) indicatesthat data is not available in the literature selected.

0 The numbering of the digit is 1 to 5 representing the thumb, index, middle, ring
pinky fingers respectively.

3.4 Design ofthe Exoskeleton Handusing Solidwork

The conceptual design of the exoskeleton hand is completedSsidg/orkstools. SolidWorks

is a solid modelling software thatciitates products design in 3@he sketch is done in 2D
profiles, featured into 3Dptproduce the solid shape. Technicadliproad range afomputeraided
design(CAD) software with speciaded programss available for practical design purpssich

as SolidWorks, Auto8D, CATIA etc. SolidWorks is chosen over others for its functiopatt
employ a parametric featutmsed approach in modelling the part that allows editing of the design
to be done at any stage in the design process and its compatibility to be embedded with
SimMechanics in Matlab.

In designing the prototype han@&w essentialdesigncriteria were considered to achiete

mosteffective hand design thamulats the actual human hand. First, the hand anatomical and
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biomechanical abilitiesvere establishedlhe designed hand as illustrated in FigBif consiss
of five fingers attached to a palm thatconnectedo a wrist witha proper choice of DORotal

15 DOFwith 14 DOF at the fingers and 1 DOF at the wrist joint.

Figure3.3: The exoskeleton hand SolidWorks

The bony segmentd the humanhandareclosely followed in designing the exoskeleton, with
exceptions in the palm and the wrist. The design of index, middle, ringiakgfingers contain
three intercalated body segmergroximal, middle and distal phalanges (FigBis), while the
thumbcontainsonly two intercalated body segmsmproximal and distal phalanges (Figadb).
The palmis designedvithout metacarpal shaft which makes it fixed, while the wsistesigned

without carpal bone which allows only flexion andension movemenst

@ (b)

Figure3.4: The exoskeleton fingersa)(Design fortheindex, middle, ring and little fingershj
Design forthethumb
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Thedimensiors and specificationsf the exoskeleton hand are shown in T&bB Due to the

limitation in theliterature, he dimensionsvere chosen for the range that could cater the Asian and

American women hand measuremer@mall tolerances were considered in each tmlallow

room for the frame in case additional comfort mexial should be added to make it more

comfortable to be worn in future.

Table3.3: Dimensions and speaifations of the hand exoskeleton

Hand measuremest

Hand length 19
Hand width 7.5/ 9.5 (with the thumb)
Hand depth 3.5
Wrist breadth 6

Digit1  Digit 2 Digit 3 Digit4 Digit5
Distal phalanx link length 2.5 2.5 2.5 2.5 2.0
Intermediate phalanx link length - 2.5 2.8 2.5 2.0
Proximal phalanx link length 3.0 4.0 4.0 4 3.0
Tip to finger crotch length 5.5 9 9.3 9 7.0
Tip to wrist crease length 115 16.5 19 19 17
Distal interphalangeal breadth - 1.7 1.7 1.7 1.7
Proximal interphalangeal breadth - 2.0 2.0 2.0 2.0
Interphalangeal breadth 2.0 - - - -

Legend:
o The unit for dlmeasurements are in centime(ren).
o The(-) is indicating that data is not relevant to the digit.
o The numbering of the digit is 1 to 5 representing the thumb, index, middle, rin
pinky fingers respectively.

The hand compatibilityastargeted to ensure that the designed hand is capfadterting and
assisting daily hand motions. The fingers were designed to trace out a path in space that closely
resemblethepathof natural fingers during aormalgrasp. Thenaturalrange of motion and ratio
of tip force exerted upon an objete alscconsideredn the designAdditionally, the hand was
designed to be directly driven at each joinathievethe actualperformance othe humanhand
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and toavoid the undeactuaion problems especially difficulties in path tracking of eéidgers

duringhand grasping.

In order todevelopbetterrepresentation of the system, a few assumptions weretmadther
define the exoskeleton hand madEhese are as follows:

1. All the joints (DIP, PIP, and MCP joints) are assumed to have 1 DOF, allowing only
flexion/extension.

2. All the joint angles (DIP, PIP and MCP joints) for each fingex basedn Lee et al.
(2014) for rectangular object power grip with a grip diameter of @b(thediameterof
hand dynamometer).

3. During the finger pinch, the forde exertedat the middle pulp of distal phalanx and all
external forces are assumassingleunit.

4. All the joint actuators receive forces eput and render angles as the outputofatthg

admittance control theory).

Even though careful measurement has been considestedigning the exoskeleton hatitere
areseveral issugassociated with the kinematiomptibility of the exoskeletowith human hand
making humarexoskeletorattadimentdifficult. The designed exoslaon has rigid structure that
hinders a full kinematic compatibilitylwen attached to the humpints. It is verychallengingo
model and replicate the biological joints of human hand using only a single DOF. incocdge
with this issue, a passive joint should be introduced for joint supporting more than one dominant
joint andsuitable linkageshould be designed to avoid possible collision between the device and

the anatomical hand.

3.5 Modelling of the Exoskdeton Hand using SimMechanics

Physical modellings frequently preferred ovéraditionalmethodin product developmemue to

the nonlinear factors and complex restrictions associated with the intricate system like the
exoskeleton hand. It involves theployment of simulatiofriven product development software
such asSimscape MultibodyVisual Nastra, SimWise,etc, to validate the mechanical design

before committing to make a real/physical prototype. Designers are alloweodt, simulate
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and visuake thesystem behaviour under regbplication operating conditions and rapidly refine

the design without needing to produce multiple physical prototypes for testing purposes.

In this researchthe first generation of Simscape Multibody (or previouslyown as
SimMechanics)was choserfor the systemmodelling asit can be interfaced seamlessly with
Simulink block diagram; an existing toolbox in Matlab which is usea@ag-in for GUl-based
simulation environmeniThe combination of SimMechanicsda&imuink form an efficient tool
for simulating rigidbody mechanical systems especially for control design and performance

validation.

The geometric Solidworks assemtdf the hand is transformed in# physical model in
SimMechanicswhere the standard Newtian dynamics of forces and torques is employed to
model and simulate the design of the exoskeleton hand and its motions. It enables interconnection
betweerphysical components with geometric and kinematic relationships bgtiain the form
of interconrected blocksThis integratiorallows verification of the modglvhether itcorrespods
to the actual human han@nd whether it éhavesaccording to the presumptions asdt
requirementgFedak et al., 2014)f'wo major steps are involved in the transformation process;
exporting the Solidworks assembly into 6. xml b

model (Figure 3.5).

Exporting the exoskeleton hand assembly into a physical modelling file

[ Sodidworks 1\ T

Platform

( Simulink \

SimMechanics
link plug-in

“xml’ file Sil;ll?/[echalﬂcs ,;)\
Model Generation " v
Hand Assembly W

—

Hand Model

Importing a physical modelling file into SimMechanics

Figure3.5: Transformation procesfpm con@ptual desigm Solidworksinto theexoskeleton

handmodel computed ithe Simulink environment
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Technically, the SimMechanics link phig creates th@hysical moddling file by converting the
assemblyds parts into bodies and maps the cor

used for thentegrationis as follows

1) First, theSimMechanicsink plug-in is downloaded and installed. The plugprovidesthe
primary interfacdor exporting the Solidwork assemblies into SimMechanics software.

2) Toinstall the plugin, MATLAB needto run as administratand uet he o0i nst al | _ a
command prompt.

3)y Command prompt 6smlink _ 1| inks 8im@Methanicseas aaer e d
Solidworks plugin to the windows registry.

4) Then, the plugn is enabld in the Solidwork application; the SimMechanics checkbox is
selectedin the adedins command windowand will appearin the menu bar when the
assembly is started.

5) The asembly design of the exoskeleton hand is loaded and exjtorthe SimMechanics
link first generation. The fileissateand t he 6. xml 6 file is gene

6) Finally, the Solidworls 3D designis automaticallyconverted intaa SimMechanicsnodel
andimported 0o MATLAB using the &é6dsmi mportd comman

The computed exoskeleton hand model is made up of bedibsgeometric and mass
informationcomposed of a palm, connected to five fingers and a wrist. It is populated by body
parts that are connected to ja@morresponding to the assembly parts and constraints saved in the
physical modelling fileMore intuitive andprecisespecifications for the body parts and joints of

the hand model are discussed in the nextsadbon.

3.5.1 Body and Joint Specificatign

In general, most of the Solidwork&sed modsl havethe same properties asthndardeatures;
exactly one ground block that is connectedntchine environment blockyndamental root that
is represented as ground connected to root weld and root loaalg, \vith degree of freedom
containing the right joinprimitives between two bodieand weld pagto represent fixed joints.
The imported model also contains the system paranmmiersasnasses of the bodigfetensor
of inertia, and graphics.
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Similarly, the exoskeleton handhodelcomprise several parts denoted by the body and joint
blocks; the body bloddepict the respective body segmédithe phalanxes of the fingers, the palm
and the forearm), whiléhe revolute joints represent the constiairged to assemble two parts
with a single DoF. For motion analysis, egaimt is actuatedand the motion is sensed using the
interfaceghat transform the signal between SimMeatha and Simulink environments and vice
versa The joint actuator block appkthe desired torque to the link/body through the revolute joint
block, and the joint sensor block detected the position of the link/body. The joint actuator takes
either force or motion as the input and out@snilar parameter through sensing pracearried
out by the joint sensor. The block types #meir functions are listed as in Tablet3.

Table3.4: Description of thélock parameterandtheir functions employed irthe exoskeleton
hand model

Group Block Type  Block Name Functions

Body block Representshe userdefined rigid body with mass
B cs#fgcs2 B frames, coordinate origin, inertia and geometry
Machine  Categories the mechanical simulation environrr
@ < Emw :
Q environment , , .
S for the machine to which the block is connelgt
m grawuty, constraint, tolerancesic.
§— 7] Ground  Fixes one side of a joint to a location in the Wo
coordinate system.
Revolute Allows one rotational degree of freedom; 1
e 1: & Joint follower body rotates about a single rotational ¢
" relative to the base through collocated coordir
% system origins.
2
—— Weldjoint Representzero DoF and cannot be actuated
% HH F sensor ports can be added to it.
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. Measures the motion (position, velocity a
Joint sensor
G%f‘ P aceleration) aswell as computedand reaction

force/torque of a primitive joint. It needs to |

connected to a joint block (output).

Joint Actuates a primitive joint using genesald
xﬂé}@- actuator force/torque desired motion signalgosition,
velocity and accelerationlf needs to be connecte

Sensor and Actuator

to a joint block (input).

For a better relation of the mapping process, the program scheme for four medial fingers after
importing together with the corresponding Solidworks parts is illustrated in Figure 3.7. The finger

consistof three phalanxes connecteddonstraints, whiclare converted into three body parts by

revolute joints.

|
| \
| \

j ' / \
d 1: g csMcs2 (F df sy

Distal Phalanx

Intermediate Phalanx
Proximal Phalanx
MCP Joint PiPJoint DIPJoint
-. .2
\.6 v \,& x& >
% = oS Pl ore
MCPJointAngle PIPJointAngie DIPJointAngle
Joint Sensor3 _@

Joint Actuator3 Joint Actuator2 Joint Actuatort Joint Sensort
MCP Torque

PIP Torque DIPTorque

Figure 3.6: The SimMechanics block diagram for four medial fingers (index, middle, ring, and
pinky fingers) that are mapped to the respectived@ariksbased assembly parts and constraints

The SimMechanics scheme in Figuré ghowsthe basic configuration of the exoskeleton hand
after importing the physal modelling file to Simulink;he palm body block ifirmly connected
to ground and machine@ronment blockat one side and connected to the five fingers and a wrist

at the other side.
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Figure3.7: The SimMechanics scheme for the exoskeleton hand
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3.5.2 Physical Model VisualizatioandMotion Analysis

The physical model contains a visualiion modea customized graphics figure window, that is
enabled when the simulation is startéidincludes the graphical appearance of the exoskeleton
hand that resembles the Solidworks assembly with negligible differences, like the colors and
graphis quality (Figure 3.8)The visualizationcontains graphic toolbar featurdsat caterfor
various display and animation functions suclvasous vievpoint (isometric, topetc), zoontin

and zoorrout, record simulation animation etc. One of the usefulifeatis the simulation time
featurethat can be sload down or accelerate anduseful for accurate rapid dynamics system

observation and motion analysis.

4 Exohandcomplete - o X

View Simulation Model Help
HooooodeE rHo¢X|» B IF%w
ABS S LS

\
Figure3.8: The SimMechanics visualization window displaying tkeskeleton hand model

In SimMechanics, Newtons Law is employe@it@lyseahe motion for either forward or inverse
dynamics. In forward dynamics, a set of forces or t@queapplied to accelerate the bodies of a
mechanical system which will be integmtéwice by SimMechanics to yield the motion
parameters; velocities and positions as functions of tmeantrast, the inverse dynamics analyses
the given motions and differentiates them twice to calculate the forces andstoegqaed to

accelerate theystem. Depending on the topology of the system used, both cases can balanalyse
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in SimMechanic®y selecting the approjaite analysis mode; forward dynasitimming, inverse

dynamics and kinematics.

The motion of the exoskeleton hand modednslyzed usg forwarddynamics, whichakes
joint angles as the control parameters and sghseorientation of the hand end effectors and the
torque computed. The joint actuator blogletate in the generalizefbrces modefor actuation
and the mode of calculatioin the machine environment block is set to the forward dynamics
mode. The sensors are connected to the respective joints to determine the torques computed that
are necessary to perform the defined angular orientation of the hand end effdus®sttng is

vital to helpverify and valida¢ the EMG based controller designed for the exoskeleton hand.

3.6 Summary

This chapter has described the exoskeleton hand developed in the SimMechanics software as the
system model to provide testing platform for EMG based controller developed in this research.

The humananatomy and its biomechanitgve beerstudied and referred in designing the
exoskeleton hand in Solidwakollowing the anthropometric data of women hands. The design

has beermmported to SimMchanics for modelling process. All necessary descriptions regarding

the measurements, body and joint specification including the limitation when attaching the hand
to anatomical human hand are discus3éw testbed of this research is complete, the sinoalati
diagram of the designed exoskeleton hand shows a satisfactory result and ready to be used for

testing and validatg the EMG based controller developed in the next chapters.
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Chapter 4

FOREARM ELECTROMYOGR APHY SIGNALS ANALYSIS

4.1 Introduction

In defining the user motion intention, the forearm EMG signals need to be properly analysed to
extract useful information and for use as control input for the overall system control. This chapter
explains the signal analysis that includes detection and processingjiees for the forearm EMG
signals collected from seven muscles contributed to finger pinches and hand grasping at various
wrist positions. The EMG datasets utilised in this research are collected after obtaining research
ethical approval from the Ethic€ommitteeof University of Sheffield, United Kingdom. The
purpose of collecting the forearm EMG signals is to investigate theraitgion between EMG
signals with various finger pinches ahdndgripforces at different wrist angles. A series of
experments were designed to collect the data. The collectedvea¢aprocessed in four steps; (1)
normalisation step usingaximum activation levels (peak amplitude) during maximum voluntary
contractions, (2jiltering step using bangass filter, (3) data setwentation step where the data is
segmented using overlapping segmentation, and (4) feature extraction step using fdantame
features analysi$n investigating the interelation between EMG signalsandgripforce and wrist

angles, the muscle exdiian and finger pinching/hand grasping forces at different finger/wrist
angles are simultaneously measured. Figure 4.1 illustrates the block diagram for the experimental

setup for EMG signals detection process before the data is sent for signal pracessing
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Hand
Dynamometer Battery Powered

Laptop with Logger
Lite Data-
Collection Software

l

Signal Processing

Hand Grip |—»

Forearm EMG [ » LabQuest Mini
signals

¥

Figure4.1: Block diagram for the experimental a6i

4.2 EMG Data Collection

The data collection procedure starts with the identification of relevant forearm muscles that are
responsible for various hand movements. Here anatomy of human hand is extensively studied

to select the prominent muscles where the muscles are identified and the procedure to locate the
exact position of the muscles are recorded for inclusion in the experimental procedure
documentations. Aftecompleting the muscle selections, the experimentalzés done before

the experimental procedure for data collection is carried out.

In collecting the data, eight subjects were randomly selected; male and female aged between
307 40 years old. The sudjts chosen were normally limbed without any neutscular
problems. They were briefed (orally or using a visual aid, ie recorded video) and provided with
informed consent prior to the study (please refer to Appendix B for the documentation used in the
daa collection).

The data is collected from healthy subgtotgeneralise the intendividual differences to assist
the design, testing and validation of the proposed control framework. Commonly, the muscle
weaknesssof stroke survivors are contributéwm the interruption of theasticospinal tract and
muscle &ophy. The EMG features collected from the stroke survivals containsimdesidual

differencescontributed fronthe disturbed motor control and needs to be examined and analysed
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individually based on subjects. It makes the analysis to be tedious and complicates the.research

Besides, limited access stroke surviva will slow down the research progress.
4.2.1 Muscle Selection Procedures

According to Heo et a{2012) combination and coordination action of both extrinsic and intrinsic
musculature contribute to dexterous movenwdrihe hand. The extrinsic muscles are originated
from the arm and forearm while the intrinsic muscles are located entirely within thdrharder

to establish the relationship between forearm EMG sighalsdgripforce/joint and wrist angles

the EMGdata are collected from tmeuscles, whiclshow higher levels of muscular activity only.

In collecting the datanuscles, which show higher performance during an isometric contraction,
areconsidered andifferentiated fronmuscles thashow lowermperformance Along the forearm,

the muscles that are coordinated for hand gripping are also involved in the flexion and extension
of the fingers and the wrist. Some flexor muscles flex the fingers towards the palm of the hand
and/or flex the wrist towards the ante of the forearmThey are located within forearm posterior

and anterior compartments. In the posterior compartment, the muscles are commonly known as
extensor muscles while they are known as flexor muscles in the anterior compaiassd. on

the acions intended to be tested seven potential muscles (Figure 4.2 and Figure 4.3) were selected

for further investigation.

Flexor Digitorum Superficialis (FDS) Elexor Dizitomm Brofundus (ELP)

o =3

Flexor Carpi Radialis (FCR) Flexor Pollicis Longus (FPL)

Figure4.2 Sketch for anterior compartment of a human forearm with location c
muscles under considei@t: FDS, FDP, FPL and FCR
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Extensor Carpi Extensor Pollicis Brevis (EPB)

Radialis Longus (ECRL)

e =l ="

ExtensorDigitorum (ED) )
Figure4.3: Sketch for posterior view of a human forearm with location of muscle
under consideration: ED, EPB and ECRL

Among those muscles, five extrinsic muscles contribute to the flexioexaedsion of the four
medial fingers and the thumb while another two muscles are responsible for the wrist movements.

The list of muscles and their characteristics are shown in Tabl@tbare et al.2014)

Table4.1: Muscles under consideration with their characteristics

No | Muscle Distal Attachment Forearm | Main Actions
Location

1 Flexor Middle phalangeg Anterior | Flexes middle and proxima
Digitorum of medial four phalanges at PIP and MC(
Superficialis | digits joints of medial 4 digits.
(FDS)

2 Flexor Distal phalangey Anterior | Flexes distal phalanges at D
Digitorum of medial four joints of medial four digits
Profundus digits assists the hand flexion.
(FDP)

3 Extensor Extensor Posterior | Extends MCP an(
Digitorum expansion of interphalangeal joints of medi
(ED) medial four digits four digits and extends hand

wrist joint

55



4 Flexor Pollicis| Distal phalanx of Anterior | Flexes phalanx of first dig
Longus (FPL) | first digit (thumb).

5 Extensor Proximal phalany Posterior | Extend proximal phalanx
Pollicis Brevis| of first digit first digit (thumb) at MCP joint
(EPB)

6 Flexor Carpi| Base of 29| Anterior | Flexes and abducts hand
Radialis (FCR)| metacarpal bone wrist.

7 Extensor Carp| Base of 29| Posterior| Extends and abducts hand
Radialis metacarpal bone wrist.
Longus
(ECRL)

In general, the estimation of muscle excitation can be dormmalysingthe amplitude of the
EMG signals generated. More motor units and hidineg rates are needed in order to maintain
or increase the pinching/gripping forces. The quality and accuracy of the EMG signals collected
were improved by ensuring accurate electrodes placement for each muscle under consideration for
specific movemeniThe subjects were instructed to perform several tests to detect the right location

of each muscle as described basedloore et al(2014)ard listed as in Table 4.2.

Table4.2: Muscles identification test and location for electrode placement

No | Muscle Test Location
1 | Flexor Forearm in supination, one finger| Middle of the forearm, inde
Digitorum flexed at the PIP jointwhile the| fingers flexed towards bicef
Superficialis DIP are kept extended agairl tendon, just medial to th
(FDS) resistance and the other thn finger.
fingers are held extended
inactivate the FDP.
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Flexor Forearm in supination, the PI| Lower 1/3 of the forearm an
Digitorum joint, and middle phalanx are he two fingerbreadths, volar to th
Profundus (FDP] in the extended position while th ulna.

person attempts to flex the D

joint against resistance.
Extensor Foream in pronation, the finger| Upper 1/3 of the forearn

Digitorum (ED)

are extended at MCP joints wh
pressure is exerted at the PIP joi

by attempting to flex them.

between radius and ulna.

Flexor Pollicis

Longus (FPL)

th
proximal phalanx otthe thumb ig

Forearm in  supination,
held, and distal phalanx is flexg

against resistance.

Middle of the forearm, volar t
the radius.

Extensor Pollicis
Brevis (EPB)

Forearm in pronation, the thumb

extended at the MCP joint agair

Lower 1/3 of the forearn

betveen radius and ulna.

resistance.
Flexor Carpil The wrist is flexed againg Three or four fingerbreadth
Radialis (FCR) | resistance. away from the midpoint of

line connecting the medig

epicondyle and biceps tendo

Extensor Carp
Radialis Longus

(ECRL)

The wrid is extended and abduct

with the forearm pronated

Two fingerbreadths away frof

lateral epicondyle.
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4.2.2 Experiment Satp

Following completion of muscle selection procedure;tpek procedure is carried out where the
general information about eashbject is recorded; weight, height, age and hand length. Then, the
subjects are seated on an armchair, with their forearm supported and fixed at one position to avoid
the effect of different limb movements on the generated EMG sigitaésmuscle excitatn and

finger pinch force are simultaneously measured using ftléthnel EMG sensors and a hand
dynamometer by Vernier (HBTA). The hand dynamometer is a strain gauge based isometric
force sensor that amplifies haib force applied to its pressure pasi&l converts the force value

into a corresponding voltage value.

The experiment saip is based on surface EMG technique that measiueemuscle activity
noninvasively and desnot involve any extensive medical procedurbe electrodes are placed
on the skin and do not penetrate the skin surfatdike needle electromyography, the protocol

can be easily carried quaspecially for hora based assistive and rehabilitative devices

Before placing the electrodes, theeas of the skin are scrubbed watbapetowel to remove
skin oil and moisture. (Detailed skin preparation procedure will only be carried out if necessary).
The electrode patches (Kendall 5400 Diagnostic Tab Electrodes) will be used for the data
collection. These are specifically desigrfed most diagnostic applications. No extensive skin

preparation procedure will be needed since the electrodes include:

I. Conductive adhesive hydrogel to provide firm adhesion, repositionability and low
impedance for clear, reliable tracing as well as mimimy adhesive residue to facilitate
subject clean up.

il. Different adhesive levels to accommodate different skin types, applications and
monitoring situations

iii. Laminated Carbon Vinyl to provide conformability to the skin, torsion relief and
radiolucency

iv. Silver/Silver Chloride (Ag/AgCl) sensing element to assist in making the electrode

defibrillation recoverable.
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El ectrode patches are then placed on the sel
and connected to the LabQuest mini data acquisition ghrthe interfacing wire (3channels; red,
green and black wire with alligator clip). The red (or positive) alligator clip is connected to the
electrode patch that measures the muscle activation while the green (or negative) alligator clip is
connected to # other electrode patch on the same muscle with 24mm spacing between the
electrodes. The black (or reference) alligator clip is connected to electrode patch that is placed at
the reference point (near to bone). Next, the hand dynamometer is connectelcatoQluest mini
data acquisition and it is connected to a laptop (battery powered). Finally, Logger Lite software is
launched, the hand dynamometer is calibrated and data is recorded. The sampling rate is 2 kHz
(2000 data values collected in 10 sethe eperimental setip in Figure 4.4 illustrated the
experimental setip for the data collection. The equipment and material used in the experimental
setup are listed in Table 4.3.

Figure4.4: Experimental setip for EMG andchand grip force measurement
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Table4.3: List of research equipment and material

No. Equipment/Material Unit Function

1. | LabQuest Mini data acquisitions with| 1 unit Acquiring EMG signals

computer (battery powered)

2. | Logger Lite datacollection software 1 unit Recording EMG signals

3. | EMG sensor 2 unit Measuring the EMG signals
4. | Interfacing wires 2 unit Measuring the EMG signals
5. | hand dynamometer 1 unit Measuring hand grip force
6. | Angular scale 1 unit Measuring wist angle

7. | Kendall 5400 diagnostic tab electrode| 100 unit | Detecting the EMG signals

8. | Alcohol prep pad 100 unit | Skin preparation
9. | Wet tissues 3 packs | Skin preparation
10. | Paper towel 1 roll Skin preparation

4.2.3 Experimental Procedures for Batollection

The purpose of the data collection is to investighéeinterrelation between EMG signals with
various finger pinches and hand grip forces at different wrist angés will be used for signal
processing and joint angle estimations foraseontrol input for controlling the exoskeleton hand

The EMG signals are extracted from forearm and upper arm muscles using surface electrodes, thus
noninvasive. The EMG data collection is cardedt with two experimental procedures;
extraction of EMGsignals contributing to the finger(s) pinching and extraction of EMG signals
contributing to the hand grasping at various wrist movements. The first part of the experiment

involves five classes of finger pinches; finger at rest (FR), index to thumb fngshr (FP1),
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middle to thumb finger pinch (FP2), ring to thumb finger pinch (FP3), and pinky to thumb finger
pinch (FP4) as illustrated in Figure 4.5. 25 classes of datasets will be collected at different finger
pinch strengths (20, 40, 60, 80, and 100EA1VC). The data will be collected for 5 datasets at
each session.

Figure4.5: Fingers pinch muscle contractions of forearm with 4 groups of movement ¢
angles: (a) index to thumb finger pinch, (b) middle to thumb fipgesh, (c) ring to thumb
finger pinch and (d) pinky to thumb finger pinch

The experimental procedure is as follows:

1. Subjects are instructed to pinch the hand dynamometer for 5 seconds using different finger
groups(index finger pinch, middle finger pih¢ ring finger pinch and little finger pinch)
with maximum pinch strength. 2 seconds rest sessions are incorporated within each pinch
to prevent muscle fatigue. The maximum finger pinch strengths for each finger group are
recorded and considered as sulijlest ma x i mum a ct ram@litude)odaring e v e |
maximum voluntary contraction (MVC).

2. Electrode patches are placed on the selected forearm muscles. Then, the subjects are
instructed to pinch the hand dynamometer for 10 seconds using index to thumbificbe
with various pinching strengths (20, 40, 60, 80, and 100% of MVC). 5 seconds rest sessions
are incorporated within each pinching to prevent muscle fatigue. The raw EMG signals

extracted are recorded in Logger Lite software.
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3. Next, step 2 is repeatdor different finger pinches.
4. Finally, steps 1 to 3 are repeated four times with different pinching time (for approximately

10-15 second or until fatigue) with rest intervals (5 seconds).

The second part of the experiment involves six classes of mov&imamd rest and hand grasping

at three different wrist positions which aredégree flexion, at neutral and atdégree extension,

as illustrated in Figure 4.6riBmatic power grip (adducted thumb) is used as the grasping pattern.
30 classes of datasewill be collected at different hand grip strengths (20, 40, 60, 80, and 100%
of MVC) at various wrist positions. Details of the experimental procedure are as follows:

1. Subjects are instructed to grasp the hand dynamometer for 5 seconds with maximum hand
grip strength. 2 seconds rest sessions are incorporated after each grasp. The maximum hand
grip strengths are recorded and cons-i dered
amplitude) during maximum voluntary contraction (MVC).

2. Electrode patches areaged on the selected forearm muscles. Then, the subjects are
instructed to grasp the hand dynamometer for 10 seconds using different hand grip strengths
(20, 40, 60, 80, and 100% of MVC) at neutral®(®dwrist angle). 5 seconds rest sessions
are incorpaaited after each grasping. The raw EMG signals extracted are recorded in Logger
Lite software.

3. Next, step 2 is repeated for different wrist positions (atld@ree flexion and at 4&egree
extension).

4. Finally, steps 1 to 3 are repeated four times wittedkffit grasping time (for approximately

10-15 second or until fatigue) with rest intervals (for 5 seconds).

4.3 Processing Techniques for the Forearm Electromyogram Signals

The structure of the EMG based control method can be categorized asesbgmton or non

pattern recognition based. Ngattern recognition normally consists of a simple structure with
only few processing techniques. The data acquisition of the forearm EMG signals is carried out
with a sampling frequency of 2 kHz obeying the Nygsasmpling theorem, which suggests that

the sampling frequency should be at least twice the highest frequency contained in the signal. The
usable energy of the surface EMG signal is limited to 0 to 500 Hz frequency range, with the

dominant energy being the 50150 Hz range. In this research, the collected data is processed in
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four steps; normalisation step usimgximum activation levels (peak amplitude) during maximum
voluntary contractiondiltering step using bangass filter, data segmentation stepeve the data
is segmented using overlapping segmentation, and feature extraction step using fdontaire

features analysis.

Technically, the amplitude and frequency characteristics of the raw EMG signals are highly
variable and sensitive. Lu¢2979)and Konrad2006)have provided a detailed discussion on how
the raw EMG signals can vary when recorded between same and/or different subjects at same
and/or different times. It includes and is not limited to extrinsic fatitar®lectrode configuration
and placement, muscle selections, skin preparation, temperature, etc., and intrinsic factors like
physiological and anatomical factors of the muscles, fiber type compositions, etc. These factors
affect the raw EMG signals celtted causing difficulties to describe its level of amplitude without

any reference value.

The normalisation proceduvess first introduced by Eberhart, Inman and Breslar in 1864
refersto the conversion of the signal to a standard scale. It proaidelative measure of muscle
activation and compaset to the reference value. It is usually performed by dividing the EMG
signals during a task with a reference amplitude value (the maximum peak value) obtained from
the same muscle. The reference valoeusd be chosen in the sense that it allows comparisons
between individuals and/or between muscles. In general, the accepted methods to obtain the
normalisation reference value include; maximum activation levels (peak amplitude) during
maximum voluntary cotractions (MVC), peak or mean activation level during specific tasks,
activation level during submaximal isometric contractions and -pepkak amplitude of the
maximum Mwave. However, no methotias beendeclared as the best method for the
normalisatiorof the EMG raw datéHalaki and Gi, 2012)

In this research, maximum activation level (peak amplitude) during MVC is employed to
normalise the EMG signals recorded from seven forearm muscles during manual muscle test.
(Please refer to seon 4.2.1 for detailed information about the selected muscles and their
functions). The test involved isometric finger pinches and handgrip forces at different wrist
position and grip strength (20 to 100% grip strength). Each subject was asked to digcasgn

the hand dynamometer for 10 seconds producing maximum forces with 5 seconds rest in between
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for three trials. The maximum forces were recorded and used in the experimental procedure for
the data collection. (Please refer to the experimental proezezkplained in section 4.2.3 for
detailed information about how the MVC forces are utilized). The MVG veste performed for

each investigated muscle separately using rohlinnel EMG devices.

The EMG signals collected are rectified and filtered kefl@finingthe maximum amplitude
indicating the maximum voluntary contraction of the specific muscles. The maximum value
obtained during the test is used as the reference value for normalising the EMG signals from the
muscles of interest. The EMG signalithg a task is then divided with the reference value obtained

from the same muscle of interest using

Al pl EG@AOAGRA (4.1)

T O1 Al E oSO B m R TP

Normalisation is important to accurately interpret the muscle excitatiomsasmaly useful to
highlight the statistical significant differences between the classes of the data collected especially

when used with standard hypothesis testing litest, Anova tesetc.

After normalisation is done, the data is filtered using se@vddr bandpasdter (20 Hzi 450
Hz) before segmeationusing overlapping segmentation technique with 256 ms window size and
128 ms window increment in MATLAB environment. The overlapping method has advantages
over disjoint segmentation as it incremfige processingrne and provide better classification

performance. The number of traigisamples is estimated as

) 0.6 00 E00H Q¢ 0t '0¢ Q (4.2)
ror n, 1 A4 ng ) v oo b1 ‘Q — 3 3 7, p4 W) * N “
0€€ Q1 wQE Q& a 0 Q¢ QRHWI QaQs%

Next, feature extraction mettlds carried out. It plays a critical role in extracting useful
information hidden in the forearm EMG signals by transforming the raw data into a reduced
representation of features vecttiris also essential in removing the unwanted signal part and
interferences. Based on studies conducted by Phinyomark et al. (2012), time domain features;
mean absolute value (MAV), integrated EMG (IEMG) and waveform length (Wa) belong to

energy and complexity information together with frequency information methoupg are
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selected for used in this research to avoid redundancy and because it yields better performance
when compared to others. Moreover, due to normatdgi mean square (RMSgature is
considered to be part of the analys#dl of these featuresvere also chosen due to their

computational simplicity.

The Root Mean Square (RMS) is widely adopted for feature extraction. It is modelled as
amplitude modulated Gaussian random process. It is related to the constant forcefatiguing

contraction othe EMG signal (Phinyomark ek ,a2013) and can be defined as

4.3
YO Y UB & (43)

where,N represents the total number of samples considered thiedsignal sample amplitude.

Mean Absolute Value (MAV) is the average of the abolalue of EMG signal measured for
certain duration of time. It is an easy way for detection of muscle contraction levels and is one of

the most popular used in EMG signal analy$a\V feature can be defined as

Dow

£ ws (44

Integrated EMG (IEMG) refarto the absolute summation of the EMG signal amplitude that
represent the EMG signal sequence firing point. The absolute summation is normally analysed
over a window length of EMG samplé%he IEMG can be define as

‘000 0 wws (4.5)

Wave length (WL) is the accumulative length of the EMG waveform over the time segment

and can be considered as extended version of the integrated EM@efined as
w0 W WS (4.6)
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4.4 Results and Anal/sis

Results obtained at each analysis stage are presented in this gacégample of raw EMG@ata
collected based on differenindgripstrength showing the muscle excitation is presefitbi.is
followed by normalisation results, features extractedfinger movements with its analysis and

finally the features extracted for wrist movements with its analysis.
4.4.1 Samples for Raw and Normalised EMG Signals

The effectiveness of muscle selected and accuracy of raw EMG signal collected are ebgluated
analysing the change in signal amplitude towards different finger pinch and handgrip strength.
Figure 4.6 illustratethe raw EMGsignalcollected at different handgrip strengths (20, 40, 60, 80
and 100% of MVCjJor FDS musclet neutral wrist positiorit reveals that the amplitude increases
proportionally with increase in the handgrip strength. Based on the EMG trace, the signal envelope
of EMG activities show many spikes indicating the brain activity to electrically activate or excite
the muscle to mduce the desired handgrip strength. In the case of fatigue, the envelope of the
muscle will increas even though the force actually decresiadicating that the brain is driving

the muscle harder and harder but the muscle fatigue makes it weaker. t&danrthe trace is the

AC line interference, which contains noises that need to beneeessedand can be avoided by
conducting the data collection in a room that is away from large electrical devices and power cords.

EMG signal collected at different hand grip force
T T T T

T ‘«WMMWM \'MMMMWMM

T
—— EMG signal
force

”WMWMMM»

EMG signal(mV)

1 L L
10 20 30 40 50 60 70 80
Time (s)

Figure4.6: The raw EMG collected at different handgrip strength (20, 40, 60, and 80%
MVC) for FDS muscleat neutral wrist position
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The scatter plots of the raw EMG data with and without normalisation are illustrated in
4.7 and Figure 4.8 Theraw EMG data is collected at 20% of MVC of pinching strength th
contributed from three muscles responsible for the flexion and extension of four medial f
FDS, FDP and EDC musclekhe Figure 4.7 shows that without normalisation, the data bet
classes of movement indicatediadex to thumb finger pinch (FP1), middle to thumb fin
pinch (FP2), ring to thumb finger pinch (FP3), and pinky to thumb finger pinch (#&¥4)
overlapping except for finger at rest (FR)

0.4 — FR
FP 1

=03 + FP2
O 0.
Q + FP3
o FP 4
@ 0.2 + +
o) o+
c + 4, =+ +
S it + +
2 0.1 e A A SR )

++-&:‘ L e

F s

Channel B (FDP) 0  o0.06

Channel A (FDS)

Figure4.7: The raw EMG signals contributed to the movement of four medial finger wi

normalisation

Meanwhile, he distribution of the data in the projected space with normalisation sh
significant sepatability between classedinimum ovetapping between classes is obsen
with a higher value rage for features at finger restsillustrated in Figure 4. The FR class
gets higher value rangeelto normalisation that divid¢he amplitude of the EMG signdiiring
a task (finger at restyyith reference value represented by the maximum amplitude ditner
maximum voluntary contraction of the same taskrest, the finger is staticausing the muscl
contraction to be negligibleegardless of the percentage of MVIherefore, the amplitedis
expected to be smahroughout the task causing the normalisation to yield bigger feature

as compared to other classes.
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Channel B (FDP) 0 0 Channel A (FDS)

Figure4.8 The raw EMG signals contributed to the movemédrioor medial finger wit

normalisation

4.4.2 Featuresdr Finger Movement

The scatter plots of the four tintwmain features (RMS, MAV, IEMG and WL features) extracted
at20% of MVC pinching strength for four medial fingensd a thumb are shown in Figur® 4nd
Figure 410. (Please refer to Appendix C aAdpendixD for more samples of results). Five cless

of movementwere studied and analysed; finger rest (FR), index to thumb finger pinch (FP1),
middle to thumb finger pinch (FP2), ring to thumb finger pinch (FP3), and pinky to thumb finger
pinch (FP4). Basd on the obtained results, all featunese examined to find the optimal feature
that will be used in joint angle estimations. Similar discriminative patteereobtained by RMS,
MAV and IEMG feature values extracted for four medial fingers with ptamscseparability as
shown in Figure 4.(a), (b) and (c). The scatter of feature values obtained by WLexhgeod

class separability with minimum overlapping between classes.

Patterns orders observed for all four featwese similar with arrangement &¢ature values
(from smallest to the largest value) as FP3, FP1, FP2, FP4 and FR as shown s¥EQ(akto
4.10(d). However, the scatter plot for WL shegbetter class separability when compared to the
other three classes. Similar pattemse alsoobserved for features extracted4@ of MVC

pinching strength for four medial fingeasd a thumlasshown in Figure 4lland Figure 4.2.
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RMS features extracted at20% of MWC finger pinch stre ngth for four medial fingers.
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MAV features extracted at20% of MV C finger pinch strength for four medial fingers.
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Figure4.9: Features extracted (from FDS, FDP and EDC muscles) at 20% of MVC fin
pinch strength for four méal fingers (a) RMS (b) MAV (c) IEMG (d) WL
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Figure4.10: Features extracted (from FPL and EPB muscles) at 20% of MVC finger pil
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RMS features extracted at 40°% of MWC finger pinch strength for four medisl fingers.
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Figure4.11: Features extracted @m FDS, FDP and EDC muscles) at 40% of MVC finge
pinch strength for four medial fingers (a) RMS (b) MAV (c) IEMG (d) WL
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4.4.3 Features for Wrist Movement

Six clasgsof hand movement at various wrist posisavere studied and analysed; hand open at
neutral (HON), hand grasping at neutral (HGN), hand open-déedEee wrist flexion (H8), hand
grasping at 4%legree wrist flexion (HGF), hand open atdégree wrist extension (HOE), and
hand grasping at 48egree wrist extension (HGE). The scatter plots of the four-diomeain
features (RMS, MAV, IEMG and WL features) extracted2@% of MVC grasping strength
(prismatic power grips) at different wrist positioage shown in Figuse4.13, 4.14 and 4.15.
(Please refer to Appendix F aAgpendixG for more samples of results). Likewise, all features

were examined to find the optimal featuhat will be used in joint angle estimations.

In all scatter plots, the features at hand open (slight differences were noted between classes for
hand open at neutral, flexion and extension wrist positions) yielded higher value features as
compared to handlose. Similar to the finger movement analysis, the distribution of data in the
projected space shows higher value range due to normalisation thas tiadamplitude of the
EMG signal during a task (hand open), with reference value represented by ximeuma
amplitude during the maximum voluntary contraction of the same task. When the hand is open,
the muscle contraction is negligible regardless of the percentage of MVC aartheoemuscle
activities involved (no hand movement). Therefore, the angditis expected to be small
throughout the task causing the normalisation to yield bigger feature value as compared to other

classes.

Figure 4.8 showsthe discriminative patterns for time domain features extracted from the
flexion-extension muscles; FCR @&rECRL muscles that are responsilibe the flexion and
extension of the wrist. Based on the obtained results, the scatter plot for WL featued gbogy
performance with small variation between features within the same class of movements whereas

the RMS MAV and IEMG features presented similar pattern with poor class separability.
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RMS features for 20% MVC at varied wrist position
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Figure4.13: Features extracted from flexiaxtension muscles (ECRL and FCR muscles)
20% of MVC for handgrip strength at wrist positionshaprismatic power grip (adducted
thumb)

The same observatiomas obtained for flexion muscles (the FDS and FCR muscles) plot and

extension muscles (the EDC and ECRL muscles) plot as illustrated in $-#yddeand 4.5

respectively. The same findings meeobtained by Phinyomark et. @012)in their research that
studied thirtyseven timedomain and frequenegomain features for six class of movement,
namelyhand open, hand close, wrist extension, wrist flexion, forearm pronation and forearm

supination. The WL feature was recommenfiediseas the optimal feature representing the time

domain feature group engiing MAV, RMS IEMG and several more features.
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Figure4.14: Features extracted from flexion muscles (FDS and FCR muscles) at 20% of

for handgrip strength at wrist positions with prismatic power grip (adducted thumb)

In terms of pattern orders, differemsultsare expected to have slight change in the pattern

orders between the flexiemxtensiormovementslepending on the prominent muscles used. Based

in the obtained results, the pattern orders observed in flexioolesyslos for all four features

were similar with arrangement of feature values (from smallest to the largest value) as HGN, HGF,

HGE, HOF, HOE, and HON. However, the scatter plot for WL sftbbetter class separability

when comparewith the other threelasses. Slight changeas observed in the pattern orders for

extension muscles plot with arrangement of feature values (from smallest to the largest value) as
HGF, HGN, HGE, HOE, HOF, and HON as shown in Figur®&4.1
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RMS features for 20% MVC at varied wrist position MAYV features for 20% MVC at varied wrist position
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Figure4.15: Features extracted from extension muscles (EDC and ECRL muscles) at 2

MVC for handgrip strength at wrist positions with prismatic power grip (adducted thun

4.4.4 Performance Analysis for Feature Selections

The performance of tiRMS, MAV, IEMG and WL features a@nalysedind the best features at
different percentage of MVQith significant class separabilitis selected for joint angles
estimation.Visual observation together withwo statistical approads were employed in the
analysis the standard deviation is used to select the data with appropriate finger pinches and
handgrip strength, while the ANOVA test is used to select the best features with significant class
separability.The standard deviation is computed to measure the variattitre feature values
between different finger pinches and handgrip strength (at 20%, 40%, 60%, 80% and 100% of
MVC). Features with lower standard deviation value show that most of the feature values are very
close to the average in a specific featurdame®redicting théhandyrip force wouldrequire all of

the data to be analysed, but not for joint angle estimations where specific percentage of MVC
should be sufficient as the same method can be easily replicate to analyse differenirdataset
future.
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Table 44 showsthe standard deviation computed for the index to thumb finger pirathes
different percentage of MVC for 5 different muscl8snaller deviation is observed for the features
that belong to the 20% of MVC classes as highlighted in Hdlc suggests that the features in
this classare recommended to be further analysed to choose the optimal fdatuuse in
finger/wrist joint angle estimation. Please refer to Appendix E for more samplédiféeaent

finger pinches)

Table4.4: The standard deviation computed for itdex to thumb pinch (FP1)

Featurel Muscles Standard deviation values

20% of 40% of 60% of 80% of 100% of

MVC MVC MVC MVC MVC

FDS 0.0115 0.0062 0.0139 0.0197 0.0187

FDP 0.0047 0.0092 0.0213 0.0204 0.0229

RMS EDC 0.0076 0.0107 0.0139 0.0156 0.0207
FPL 0.0032 0.0060 0.0066 0.0207 0.0368

EPB 0.0165 0.0165 0.0181 0.0194 0.0182

FDS 0.0074 0.0052 0.0095 0.0144 0.0126

FDP 0.0039 0.0072 0.0171 0.0170 0.0184

MAV EDC 0.0063 0.0078 0.0104 0.0123 0.0132
FPL 0.0027 0.0050 0.0058 0.0153 0.0302

EPB 0.0137 0.0135 0.0143 0.0151 0.0145

FDS 1.9009 1.3236 2.4298 3.6853 3.2184

FDP 0.9890 1.8378 4.3677 4.3563 47075

IEMG EDC 1.6203 2.0040 2.6676 3.1512 3.3872

FPL 0.6793 1.2706 1.4800 3.9162 7.737

EPB 3.5056 3.4676 3.6596 3.8666 3.7036

FDS 0.0841 0.1002 0.1818 0.2846 0.2821

FDP 0.0412 0.1333 0.3260 0.3779 0.4293

WL EDC 0.1080 0.1227 0.1959 0.2718 0.3126
FPL 0.0542 0.1047 0.1292 0.2369 0.5166

EPB 0.2269 0.1888 0.2234 0.3330 0.3068
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ANOVA s utilized to demonstrate the statistical significance of the features with the most
separable classes. It is a hypothesis test to compare the means of more than two populations. One
way ANOVA with a single factor is designed completely randomized lingehe null (H) and
the alternative () hypothesisas

Ho!H1=H2=H3= M4 (4.7)
Ha: At least two treatment means differ (4.8)

The test statistic (F) was then calculated using

0 Ol VGNOQ SOET QO a'QE O (4.9)
0 WD TIWETMI wan a Qi

In designing the ANOVA, the dependent variable is set to be the EMG features generated,
this case the four treatmente &®MS, MAV, IEMG and WL methods, while the finger pinch is
set as the independenav i abl e with OFROG, OFP16, OFP26,
independence variable3able 45 shows thesummaryfor ANOVA test between the four
treatments; the time domain EMG features Wit0.05 for each finger patterithe summary

includes thenumber of datasum, average and variance for edatagroupsthat are used in the

analysis.
Table4.5: Thesummary of data used the ANOVA test
Finger Pinch Pattern Groups Count Sum Average Variance

RMSfeatures 390 108.58 0.28 0.01

Finger at rest MAYV features 390 92.76 0.24 0.01
(FR) IEMG features 390 23746.91 60.89 741.44

WL features 390 1454.87 3.73 2.64

) RMS features 390 27.60 0.07 0.00

Index to .th“rr]”b finger \av features 390 23.09 0.06 0.00
'?'F”Ffl) IEMG features 390 5010.96  15.16 75.16

WL features 390 325.83 0.84 0.18

_ _ RMS features 390 31.79 0.08 0.00

Middle to.th‘;]mb finger \iav features 390 26.13 0.07 0.00
'?'F”Ffz) IEMG features 390 6689.71  17.15 19.14

WL features 390 377.19 0.97 0.04
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, _ RMS features 390 24.16 0.06 0.00
Ring to t.h“r;‘b finger AV features 390 20.11 0.05 0.00
‘()'Fn;:g) IEMG features 390 5147.07  13.20 40.94

WL features 390 287.86 0.74 0.12

_ | RMS features 390 25.03 0.07 0.00
Pinky to Fh“rr]“b finger \iav features 390 21.43 0.05 0.00
‘()'F”;4) IEMG features 390 5487.30  14.07 49.39

WL features 390 320.78 0.82 0.11

Table 4.6 show the results for the ANOVA test. Based on the thielgenerated F valut®r
each finger pattern at@gher than F criticahnd consideringhe U=0.05 that were set for each
finger patternjt can be concluded that thevplue generated are lower than the sealpie(p <
0.05). Therefordt can be concludetthatthe null hypothesiéno difference) for the assumption of
homogeneity of variancean be rejecte@ndthat theras a significant difference between the two
treatment groups.

Table4.6; The results for ANOVA test

Finger Pinch Source of P- F
Pattern Variation SS df MS F value crit
Between 1E-
Finger at rest Groups 1037751 3 345917.1 18%0.5 262 2.61
(FR) Within Groups 289456.2 1556 186.0
Total 1327207 1559
Between 8.15E
Index to thumb g ps 64522.72 3 21507.6 1141.8 -239 2.61
f'”%ﬁ;ﬁ')mh Within Groups  29309.28 1556 18.8
Total 93832 1559
Middle to Between 6.3&
thurb Groups 82577.98 3  27526.0 57399 233 261
finger pinch  Within Groups 7461.856 1556 4.8
(FP2) Total 90039.84 1559
. Between 1.1
Ring to thumb - G4 pg 48899.45 3 16299.8 1588.1 205 2.61
f'”%ﬁ;‘%')mh Within Groups 1597059 1556 10.3
Total 64870.04 1559
] Between 1.7&
Pinky to thumb g ps 55494.61 3 184982 14947 237 2.61
f'”%ﬁ;ﬂ')”"h Within Groups  19256.42 1556 12.4
Total 74751.03 1559
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Even though the null hypothesis is rejected, dififcult to determine which group of treatments
that have means that are significantly different from each other. If based on ANOVA test alone,
the results computealgeneral statement without clearly highlighting the signifi¢daatures that
can be use for further analysisTherefore, a statistical test is computed to determine which
pairwise group of features are significant. Tulkepamer test compares the means of each
treatment and identifies any significant differences between the group of treatiriesil ukey
Kramer procedure was performed fx-factor leves to select the best features amongst four
features and the result is shown in Tablé #he wavelengthfeature pair shows significantly
differentmeangwhen WL feature paired with any feats, the means are significantly different)

which suggest to be the dominant or the best feature.

Table4.7: Tukey-Kramer significance test

Finger
Pinch Absolute Critical
Pattern Comparison | Difference range Results
Finger at | WL to RMS 3.450 2.510 Means significantly different
rest WL to MAV 3.490 2.510 Means significantly different
(FR) WL to IEMG |57.16 2.510 Means significantly different
RMS to MAV | 0.040 2.510 Not significantly different
RMS to IEMG | 60.61 2.510 Means significantly different
MAYV to IEMG | 60.65 2.510 Means significantly different
Indexto | WL to RMS 0.765 0.798 Not significantly different
thumb | WL to MAV 0.776 0.798 Not significantly different
finger pinch| WL to IEMG | 14.321 0.798 Means significantly different
(FP1) |[RMStoMAV |0.079 0.798 Not significantly different
RMS to IEMG | 0.035 0.798 Not significantly different
MAV to IEMG | 0.044 0.798 Not significantly different
Middle to | WL to RMS 0.8856 0.403 Means significantly different
thumb | WL to MAV 0.9001 0.403 Means significantly different
finger pinch| wL to IEMG | 16.1860 0.403 Means significantly different
(FP2) RMS to MAV | 0.0145 0.403 Not significantly different
RMS to IEMG | 17.0716 0.403 Means significantly different
MAV to IEMG | 17.0861 0.403 Means significany different

The multitcomparison test was conducted on all grip pattern, but only three finger pinches were
included in the table as the results were repeatetlgsifor the other grip patteynOverall, lased
on the visual observation and the sigrafice test results, separable classes of featuees

noticed with WL as the method produced more significant features when compared to RMS, MAV
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and IEMG methods. In particular, it shows that WL features appear to be the best sensing technique
to representhe intention of the user. Thus, the WL features were chosen in classifying the control

input.

4.5 Summary

This chapter has described the methods used in analysing the forearm EMG dipeals.
procedures fOEMG data collegon, dataprocessg and analgis using appropriate techniques
have been described fprodudng reliable feature datasetsat can be used as the inpuot joint

angle estimations. The features extracted have significantly presented separable classes and range
that can be used asserdefined input signals. Based on thisual observationthe standard
deviation value and the ANOVA test conductedyavelengthfeature for 20% of MVC is
recommended to be ubas the representative feataral is expected to provide better estimation

It hassignificant class separation with small standard deviation thatreffeble andcontinuous

input for the supervised learning methods employed in the next chAgtgreviously stated,
predicting the handgrip forces would require all of the datar{e¥ of MVC) to be analysed but
since this work only focussed on predicting the grip pattern, specific range of datasets are

sufficient.
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Chapter 5

MODEL LING FRAMEWORK FOR JOINT ANGLE ESTIMAT ION

5.1 Introduction

Over the yearspattern recognition schesa have been extensively studied and applied to
classification of hand gestures witlecoding accuracies of above%Q@refer to section 2.3 for
details) However, the applicability of this scheme is limitadd canbe usd in controlled
laboratory conditio only. This control strategy normally uses a sequeptiatesghat activate

only a single class of movement attime, whichis inadequate to actuate and control the
exoskeleton hand to resemble the actual human hand. Besides, the human handaibigatgd

with a widerange of degresof freedom Therefore, its movements are not limited only to discrete
gestures but more to continuous and coordinated gestures allowing various and complex
movements. The issues pertaining to the pattern clasgificabntrol approach has led to the
development of proportional myoelectric control strategy with growing attention to the joint angles
estimation for exoskeletohand The major differences between classification and regression
method is that the regressprovides continuousestimated joint angle values for each DOF,
allowing an independent, simultaneous and proportional estimation to be convghitsd
facilitate a fluent and natural control (provided that good regression performance is viable).

The regression model has been used and proven useful in modelling and providing valuable
predictionsfor decadeslt can model the relationship between one or more independent variables
(the input of the model) and a dependent variable (the predicted varidthbesver, in predicting
the joint angles estimation based on EMG signals, supervised learning method is preferred over

the traditional egression due to the EMG signaiaracteristics that is highly nonlinear and
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nonparametric causing fitting the data te tregression equation difficult and weighfyhe
supervised learningnethodis adopted for its flexibility to adapt itself to the shape of EMG

data and model the complex relationship between the forearm EMG signals, various finger
pinches/hand graspirand various finger/wrist joint angles.

The modellingframework for the joint angle estimatidor the exoskeleton hand is discussed
in this chapterTheproportional joint angles estimation based on forearm EMG signals recorded
during various fingerand wrist movementsis explored utilizing two supervised learning
approaches, namebn artificial neural network (ANN)and anadaptive neurduzzy inference
system (ANFIS) with subtractive clusteririjl methods are trained and tested udimg features
sekcted as discussed@hapterd. The nodels developed for each fingerist are validated using

the validation data set collected frararmally limbedsubjects

5.2 Artificial Neural Network Model

Artificial Neural Networls (ANN) are renowned @&r function fit problems and havéeen
extensively used for classification and regression of surface &§f@ls ANN is a computational
model developed for information processing inspired by biological neural systemsin brain
comprises of biological eurons that are interconnected to one another, enabling signals
transmissiorand acting as a todhatwill procesanformationof biological senses. The similar
concept is adopted in the ANN model that consists of layers of kodes as artificial neurons
that hawe the characteristics of transmission aedeption of informationThe artificial neuron
will receive asignal and processbefore signalsnadditional artificial neuron connected tolit.

plays an essential role in defining the function and operafitimee network.

The connections of neurons in the network will form a layer patter and determine the type of
the ANN architecture; either feddrward or feedback neural networkhe example ofa feed
forward neural networiknodel as illustrated in Figueelcomprises an input layer that is connected
to a hidden layer and an output layer by a set of connection weights. It does not have a feedback
link and allows the signals to move in one direction only. Hence, the output of each layer will not

affect theprevious layer.
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Figure5.1: The example of feedforwardneural network with 3 input neurons, 3 hidde

neurons and one output neuron

In general, the feetbrward network often has one or more hidden layers (sigmoid m&uro
followed by an output layer (linear neuron). The multiple layers of targjgmtoid neurons allow
the network to learn nonlinear relationships between the input and output vectors while the linear

output layer is used to approximate the function inisglthe nonlinear regression problems.

The mathematical model of the netwaidn be represented as follew

(5.1)

(5.2)

whereR is the number of inputs, S is the number of the hidden newrgistheoutputvalue of
the hidden neuronand y;) is the output othe adder faction neuronmodelwith x) as theith
input, wgi and wj as the weighvariables, andog) and Iy as the biasariables
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5.2.1 Feedorward Neural Network with Backpropagatigigorithm

In this research, a multilayer feéarward neural networlsiemployed to deal with the complicated
relationship between surface EMG and finger/wrist joint angles. In designing the network, the first
step is to choose an appropriate learning process. There are two types of learning process that are
commonly used;upervised and unsupervised learning. It depends on the information provided by
the network. The supervised learning requires sample patterns that are labelled while the

unsupervised learning works oppositely.

In this work, supervised learning is used byvpaing the network with sample of pattern of the
selected timalomain features that has been categorised and labelled. Each pattern is fed to the
network with a known output; the respective finger/wrist joint angles. The signal will be passed to
the neuras and will continue to spread out along the network until it reaches the end layer of the
neurons in the output layer before generating the output pattern and compared it with the desired
output. In case of any error signals generated during the prolcessetwork weights will be

modified to correct the learning so that the actual output will be in accordance as the desired output.

Next, the learning algorithm or learning rule that is used to train the network is sekected.
LevenbergMarquardt backpneagation algorithm is used to train the neural network until it can
approximate a function by associating the elements in the input matricesi@timan features)
with elements in the target matrices (finger/wrist joint angles). The Levehenguardt
algorithm will adjust the weight and bias variables while the backpropagation algorithm will
compute the Jacobian matrix of the performance function that will update the weigbhiases]
which are used by the network to further estimate the respectiyerfirist joint angles. Finally,
the network is assessed to check the learning capacity, the required training sample and the learning
time required to complete the estimations. The architecture of the proposddriead neuron

network training is illusated in Figure 5.2.
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Feed-Forward Neural Network Training
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Figure5.2: The proposed feefbrward neural network with LevenbeMarquardt lackpropagation algorithm fdinger/wrist joint
angle estimations. Theumber ofinput changeslependn the respect&output estimation (either finger or wrist joint angles)
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5.2.2 Modelling of the Finger Joint Angle

In modelling the four medial fingers and the thumb, two separate ANN madalised where
each model is studied, trained and tested with different oigtat sets that are mapped to specific
joint angle as the outpukhe joint angles measurement used are based on the flexion and extension

of resting fingers presented by Lee et al. (2014), as mentioned in section 3.3.

The four medial fingers are melled based orthe WL features for five classes of finger
movements (extracted from FDS, FDP, and EDC muscles at 20% of MVC pinching stteagth)
are mappewith the joint angles (DIP, PIP and MCP joinfis) specific finger (index, middle, ring
and pinky fingrs). Whereaghe thumb is modelled based on the WL featesgsacted from FPL
and EPB muscles for similar classes of movement that is mapped to the join{Rifglesd MCP
joints) of the thumbEachnetwork is modelled based on the EMGeadadllectedrom a single and
multi-subjectsandis trained with differenhumber of hidden neursdepending on the compligx

of the input.

Eachinput sample (the WL features for four medial fingand the thumb for either singbe
multi-subjecs) wererandomlydivided between three sample grougajning dataset, validation
dataset, and testing dataset. 70% of the input samapéassed adraining dataset to fit the
parameters of the modehere the model is trained using the chosen learning mafiuite, 30%
of the input sampke areequally divided and are used waalidation and testing datasets. The
validation dataseis usedby thefitted modelto predict the desired outpand to measure the
network generalization so that the training can bepgtdp the generalization stops improving.

The testing datasét usedo evaluate the network performance.

At first, WL features extracted from individual subject are presented to the network as the input
dataset with desired target dafae network architectur@findividual joint angle modetonsists
of threelayer network; an input layer withreeneurons, a tangessigmoid hidden layer witken
neurons and a pure linear output layer witeneuronFigure 5.3 to Figure 5£howthe prediction
results for thenapping between WL features fiore clases of movemenwith the DIP, PIP, and

MCP joint angles.
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Figure 5.3 shows four prediction groups for both modelling and validations dataset indicating
that there is overlapping in predicting the DIP joint angle for two finger movements whereas Figure
5.4 andFigure5.5 showfive prediction groups tiaepresents PIP and MCP joint estimations for
five finger movementsBased on the obtained resultee DIP, PIP and MCP joint model
produced acceptable mean square error (MSE)carélation coefficienvalues (R) indicating

small variation between trectual and estimated samples.

The DIP joint model producedlSE of 1.038 andaorrelation coefficiendf 0.997 fortraining
datesets andVISE of 1.552 andorrelation coefficienbf 0.995 for validation datasets. Meanwhile
the RP joint and MCP joint producEMSE of 1.517 and 1.554, amrrelation coefficiendf 0.995
and 0.994or training dataets andMSE of 2.160 and 1.51&ndcorrelation coefficienbf 0.991
and 0.998or validation datasetespectivelyThe performance index of each model is presented
in Table 5.1.

Table5.1: Performance index for the four medial finger joint moaéla single subject

Test Joint Datasets No of Mean Square  Correlation
subjects | angle Type No. of hidden Error (MSE) | CoefficientValue
sample layer
Training 272 10 1.038 0.997
j[c:il:t Validation 59 1.552 0.995
Testing 59 6.671 0.998
Single PIP Training 272 10 1.517 0.995
subject joint Validation 59 2.160 0.991
Testing 59 1.255 0.998
MCP Training 272 10 1.5 0.994
joint Validation 59 1.513 0.998
Testing 59 5.890 0.997

Similar method was repeated using input dataset for 1suitiects to model the four medial
fingers. The larger input samples are usedoroduce adaptation on the overall joint angle
estimation network.The architecture of the neural netwartinsists ofthreelayer network; an
input layer withthreeneuronsa tangensigmoid hidden layer wittenneurons and a pure linear
output layer withoneneuronThe networkor PIP joint anglevas adpsted by adding mot@dden
layers to yield smaller MSH.heexample oprediction results fatrainingand validation datasets

are shown in Figure 5.6.The joint angle estimations for the DIP, PIP, and MCP joints are
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combined using a single ANN netwoKRverall, he DIP model yielded smaller MSE for training
and validation datasets, while PIP and MCP models produced acceptable MSE values. The

performance index of the model is presented in Table 5.2.
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Figure5.6: Predictionresults for theDIP, PIP and MCP joint angle model for mgtibjects
(a) modelling dataset (b) validation datasets

Table5.2: Performance index for the four medial finger joint models of rzwlbjects

Test Joint Datasets No of Mean Correlation
subjects argle Type No. of hidden | Square Errorf  Coefficient

sample layer (MSE) Value

Training 1638 10 0.322 0.990

DIP joint | Validation 351 0.335 0.998

Testing 351 0.561 0.994

Training 1638 10 2.884 0.903

PIP joint | Validation 351 3.498 0.988

Testing 351 2.384 0.923

Multi N Trginir.lg 1638 15 2.615 0.914

subjects PIP joint Valldgtlon 351 2.345 0.909

Testing 351 2.982 0.903

Training 1638 10 1.673 0.935

MCP joint | Validation 351 1.712 0.940

Testirg 351 3.005 0.988

DIP, PIP | Training 1638 10 1.997 0.993

& MCP | Validation 351 2.196 0.992

joint Testing 351 1.740 0.994
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5.23 Modelling of the Wrist Joint Angle

Modelling the wrist joint angle requires onéysingleANN modelthat takedour inputs andwo
outpus. The input samples arthe WL features extracted frofCR, FDS, ECRL and EDC
muscles at 20% of MVC grasping strength at different wrist positions; neutral, flexion and
extensionlt is mapped to the grasping and wrist joint anglesethas the flexion and extension

of resting wristpresented by Lee et al. (201Zhe network architecture for the wrist joint angle
model consists ahreelayer network; an input layer wiflour neurons, a tangeisigmoid hidden

layer withtenneurons ana pure linear output layer witiwo neuron.

Figure 5.7 and Figure 5.8 presented the prediction results for the wrist joint angles for six class
of movements; hand open at wrist neutral, wrist flexion and wrist extension, and hand grasping at
wrist neutra) wrist flexion and wrist extension. The obtained results stsawsar pattern foboth
modelling and validation datasets wsix prediction groups.
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Figure 57: Prediction results for therist joint angle model for sirg subjectia) modelling
dataset (b) validation datasets
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The performance index of each modelpresented in Table 5.8he joint model for single

subject produced MSE of 7.82 and correlation coefficient of 0.94 for training datasets and MSE of

1.552 and correlation coefficient of 0.995 for validation datasé&snwhile, for multisubjects,
the ME are 15.11 and 13.12, with correlation coefficient of 9.90 and 9.91 for training and

validation datasets respectivelshe MSE value for modelling and validation datasets of multi

subjects was higher compared to single subject. It seems possible thaethdts are due to the

pattern of the input dataset that resulted from the overlapping and poor class separability within

the WL features.

Table 5.3: Performance index for the wrist angle model of single andsubjgcts

Test subjects Datasets No of Mean Correlation
Type No. of hidden Square | Coefficient

sample layer Error Value

(MSE)

Single subject | Training 328 15 7.82 9.94

Validation 70 1.39 9.99

Testing 70 1.67 9.98

Multi subjects | Training 1966 20 15.11 9.90

Validation 421 13.12 9.91

Testing 421 19.26 9.98
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5.3 Artificial Neural Fuzzy Inference SystemModels

Fuzzyinference systems akmown for theirability to deal with ilkdefined and nonlinear system
that is difficult to model and solve analytically using conventional matheahabols A fuzzy
inference systen(FIS) consists of interpretable linguistic rule bggezzy if-then rule) fuzzy set
membership functions, and fuzlgic operatorghat can qualitatively model human knowledge
and reasoning processes inecisionmaking. The fuzzy inference process invodviaree basic
steps; fuzzification that translaterispinputs into a truth table, rule evaluation that compute
outputtruth-valueand defuzzification that transthe truth values into crisp output.

The functimal block of FIS is illustrated in Figure%®%.lt comprises of five functical blocks
namelyrule basegatabasgdecisioamakingunit, fuzzification and defuzzification interface it
The rule baseontairs fuzzy if-then rule, ands oftenassociateavith thedatabasewhich define
the membership functions of fuzzy seted in the fuzzy rules. Both aeferred to as knowledge

base andrevery important for thelecisioamaking

Knowledge Base

Data Rule
base base
L 2

Crisp Input Fuzzificats Defuzzification Crisp Output
: uzzification t —
inference unit inference unit
F 3
Fuzz Fuzz
i » Decision-making unit v

Figure5.9: The fuzzy inference system

In this work, the fuzzy rule is extrierl based on sugettgpe fuzzy modethat determines the
output as a constant or linear term (normally the output is determineizsyase}. First, the
decision points are found based on the WL features selotedhe respective muscles. Then,
the ranges used to distinguish every level of the input data are defined. Finally, the fuzzy rule
extracted by sorting the data points based on their importance isTth@neumber of rules set for
each model is depends the number of inputs and the number of linguistic variables assigned to

each inputThe standard fuzzif-then rules are appligéior examplethe two fuzzyrules:

91



If x is A1 andy is By, thenf; = ax + by + c.
If x is A2 andy is By, thenfz = ax + by + G.

where x and y artheinputs with membership functions defined as Ae, B1, B2, while a, a, by,
b2, ¢, &, are the output parameters.

In the FIS model, here is nadefined method © acquire the knowledge to build the fuzzy rule
and tuningthe parameters in the membership functignsften challenging andequires a lot of
effort. To address this limitatiQrANN that has a higher learning capabilsycombined with the
FISto automatically adjust the membership functions and reducerthvereformulating the fuzzy
rules so that the readability and learning ability can dftectively achievel in parallel. The
combination of the ANN and fuzzy logic forms neduzzy system or simply called as ANFIS
and it was firsintroduced by Jan{1993)

The basic architecture of ANFIS consists of 5 layers with specific node types; a square

(adaptive) node has parameter while circle (fixed node) has none, as illustraigdre 5.10.

£, = P X 4Gy +5

’ _wlhi+w1,
Towm W

1, = PoX +QY +0, =wtf+w i,
(a)
layer 1 layer 4
‘L layer 2 layer 3 l

(b)

Figure5.10: (a) Type3 fuzzy reasoning and XlEquivalent ANFIS (Jang, 1993)
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Details of the layers are &sllows:

Layer 1-  The fuzzification layer. Each node in this layer is an adaptive, rmoadaps to
a function parameter (premise parameters). Its output is in terms of memt

value that is given by the input of the membership functions.

Layer 2-  The rule layer. Each node in this layer is a fixed nadeprovides firingstrength

of the rule.Each nodenultiplies the incoming signal in producing the output.

Layer 3- The normalisation layer. Each node in this layer is a fixed ,nadéworks as
normalised firing strength node tfF

tothesunro f al | rul esbs firing strength

Layer 4-  The defuzzification layer. Each node in this layer is an adaptive aodedapts
to a function parameter (consequent parameters). It provides a product op
between the normalised firing strengiidthe corresponding rule.

Layer 5-  The output layer. Each node in this layer is fixed nated sumaup all the

incoming inputs.

5.3.1 ANFIS withHybrid Learning ancdsubtractiveClustering

In this work, the ANFIS architectuemployedfor finger/wrist jointangle estimation is based
on an adaptive network that uses supervised learning that adopts-$akagio fuzzy model. The
output of each rule is a linear combination of the inputs and a conetanthatis weighted
average to produce the final outplihe adaptive learning is based on a hyladk propagation
andleastmeansquare algorithmTrhrough the learning process, the parameters in the membership
functionsare changed and adjusted using a gradient vector that measures how well the FIS is
modellingthe input/output data based on the given parameters. Hehg/httig:learningalgorithm
is applied to optimize and adjust the partereto reduce the errdrhe hybrid algorithm is chosen
to overcome the drawback of back propagation that has slow gemeer with tendenoyf being

stuck in local minima during the training process.

To further improve the ANFIS model, clustering technique is used to optimize the fuzzy data
sets. Irthefuzzy system, &h data point has a certain membership gaadeciagdwith specific
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patterns that can provide a concise representatibelaviour or characteristidgartitioning the
inputdatasets into a degree of membership functions usually exjekxperience and takes a long
time. It can be achieved by applying staring techniqueso improvethe performance and
interpretability of the fuzzy model agell as reduc¢he development timé=uzzy clustering will
divide the data space into fuzzy clusters that represent a particular system urebadgdermine

its memlkzrship function.

In this research, a subtractive clustering technique is used to automadeta@iynined and
optimisethe fuzzy setslt is an unsupervised clustering technique thequires no prelefined
reference for the vectors. The subtractive elusy is applied to a Takagugeno FIS model and
resolves the growing dimension issues by using a data point (instead of grid point as used in grid
partition method) as a potential centriethe clusterlt is able to yeld a quick cluster estimation
andis more consisterthan the fuzzy @Means clustering method.

The applied subtractive clustering method is based on the method proposed I($90H#ju
Considering a ctéction of n wavelength featumints {wl;, wlz, é , )i an M dimensiona
space. Each data point is assumed to be normalised in each dimension making the coordinate
ranges in each dimension to be equal. Considering each data point as a potential cluster centre, a
density measure of data point vgl defined as:
5 Qin 0 ox‘l 0 a 5.3

C

where gis a neighborhood radius in which data outside this radius will have little influence on the
potential data. The data point with the highest potential is selected as the firsapoligster with
wlci as the location of the first cluster aRglas thepotential value.The potential value is revised

and defined as:

w s woa_ .. LO VO
O U UL Qwn — (54
q
where p is a neighborhoodadius that has measureable reduction in density. The process is
repeated until R < (P with Uas a small fraction.
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5.32 Modelling of the Finger Joint Angle

In modelling the finger joint anglethree ANFIS models were independently trained, validated
and tested for each finger joints; the DIP, PIP, and MCP joints. The fuzzy rules employed were
based on thenput data that were substantively clustered using subtractive clustering technique.

Each model consists of five fuzzy rules with three inputsaasidgle output, which are:
If inl is in clusterl and in2 in clusterl and in3 is in clusterl, then Outl is outputclusterl.
If in1 is in cluster2 and in2 in cluster2 and in3 is in cluster2, then Out2 is outputcluster2.
If in1 is in cluster3 and in2 in clust3 and in3 is in cluster3, then Out3 is outputcluster3.
If inl is in cluster4 and in2 in cluster4 and in3 is in cluster4, then Out4 is outputcluster4.
If inl is in cluster5 and in2 in cluster5 and in3 is in cluster5, then Out5 is outputcluster5.

where inl in2 and in3 are the inputs (WL features extracted fron FDS, FDP and EDC muscles
respectively), while clusterl, cluster2, cluster3, cluster4, cluster5 are the membership functions
based on the finger pinches FR, FP1, FP2, FP3, andlRB4utl, out2out3, out4,out5 are the

output with parameters that were clustered based on the joint angles for respective joint and finger
pinches (ie DIP joint for FR1, FP1, FP2, FP3 and FP4).

The prediction results for théIP, PIP and MCHoints angle using ANFIS sul#dctive
clustering modeareshown in Figure5.11 to Figure 5.13As notedin the Figure 5.11the DIP
joint estimations produceatceptablg@rediction erras when tested using different target dataset
The DIP joint angle ranges between 8 to 12 degnédsoverlapping joint angle output denoted
at 10 degree for FP1 and FP2 (as highlighted in the dimiedox).Meanwhile, based on Figure
5.12 and Figure 5.13, the PIP and MCP joint estimations produced acceptable prediction errors

when tested using ddfent target datasets.

The results confirmed that with proper input datasets, the ANFIS models are capable of
predicting the respective joint angles for different finger movements. The overlapping between

FP1 and FP2 can be avoided if more distinguigbied angle are used to define the output range
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for different finger pinches. Biologically, the DIP, PIP and MCP joint angles between four medial
fingers during finger pinching and/or hand grasping are quite similar, therefore, precise

measurements are s,
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Figure 511: The prediction results for DIP joint estimations using ANFIS subtractive

clustering model
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Figure5.12: The prediction results for PIP joint estimations using ANFIS scibie

clustering model
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Figure5.13: The prediction results for MCP joint estimations using ANFIS subtractive

clustering model

5.3.3 Modelling of the Wrist Joint Angle

A similar method was employed to model the wrist jaamgles. A single ANFIS model was
trained, validated, and tested based on the input data that were clustered following to the defined
hand grasping movementhand open and hand grasping at different wrist positjoastral,

flexion and extension). TheuZzy rule used are based on the WL features extracted from four
muscles (FDS, FCR, EDC and ECRL muscles) at 20% of MVC of handgrip strength that is mapped
to a single output, the wrist joint angles. Each input and output are clustered in sixscllkger

fuzzy rule employed are as follows:

If in1 is in clusterl and in2 in clusterl and in3 is in clusterl and in4 is in clu:

then Outl is outputclusterl.

If in1 is in cluster2 and in2 in cluster2 and in3 is in cluster2 and in4 is in clu:

then Out2 iutputcluster2.
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If in1 is in cluster3 and in2 in cluster3 and in3 is in clust@r8in4 is in clustes,

then Out3 is outputcluster3.

If inl1 is in cluster4 and in2 in cluster4 and in3 is in clustard in4 is in cluster4

then Out4 is outputcluster4.

If in1 is in cluster5 and in2 in cluster5 and in3 is in clustm@ in4 is in cluster5

then Out5 is outputclusterb.

If in1 is in cluster6 and in2 in cluster6 and in3 is in cluster6 and in4 is in clu:

then Out6 is outputcluster6.

The prediction radts for wrist joint angle using ANFIS subtractive clustering model are shown
in Figures 5.140verall, prediction results for wrist joint angle model yielded slightly larger error
as compared to prediction results for the finger joint angle model. Baséleoresults, the
estimations were overlapping with most of the input data were interpolated to be at neutral wrist

position.

Technically, ANFIS is capabl@ providing precise prediction if proper input data is provided
to the modelThis suggesithatthe WL features provided as the input datasets to model the wrist
joint angles cotainedoverlapping classes, perhaps due to repetitive muscles that were selected;
FDS with FCR and EDC with ECRISince both flexor and extensor muscles are responsible for
wrist movement, reducing the input data into only WL features extracted from FCR and ECRL

muscles will improve the model performance.
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Figure5.14: The prediction results for wrist joint estimations using ANFIS subtmactiv

clustering model

5.4 Validation of the Joint Angle Estimations

The ANN moded developedare used in the validation of the finger and wrist angle estimations. It
is selected based on thegression value and the MSE value compditedANN model that is
betterwhencompared to the ANFIS witbkubtractiveclustering model.(Please refer to Appendix

H andAppendix Ifor more samples of resulisr ANN and ANFIS model validations

5.4.1Validation for the Finger Joint Angle

Several datasets comprising of Wdatures fronthe single and muksubjects are used as the input

to the ANN model Figure5.15 toFigure 517 show the correspondiriglP, PIP and MCRoint
angleestimated by the neural network for the four medial fingée.performances of each of the
neural networks are evaluated by calculating the Mean Absolute Error (MAE) between the output
values estimated by the neural networth thedesiredvaluest can be concluded that the neural
networks used estimat¢he joint angles fothefingers withacceptable MAE values.
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Figure5.15: The DIP pint angle estimated from tHA&NN modelfor four medial fingerdased
on wavelength features at 20% MVC for different finger pinches (FR, FP1, FP2, FP3, &
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Figure5.16: The PIP gint angle estimated from tHR&NN modelfor four medial fingerdased
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MCP joint angle estlmatlon using ANN model for smgle subject
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Figure5.17: The MCP pint angle estimated from tHR&NN modelfor four medial fingerdased
on wavelength features at 20% MVC for different finger pinches (FR, FP1, FP2, FP3, &

5.4.2 Validation for the Wrist Joint Angle

Figure 5.18and Figure 5.1%howthe vdidation resuls for the hand grasping and wrist angle
estimations using the ANN model. The obtained results show significant differences between each
class of movements especially for wrist flexion and extension with prismatic power grip. The

validationwas done usingiput data for single and muKubjects.
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Figure5.18: The grasping and wrist anglestimated from thANN modelbased on

wavelength features at 20% MVC using target data for a single subject
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Figure5.19: The grasping and wrist anglestimated from thANN modelbased on

wavelength features at 20% MVC using target data for rauliject

5.5 Summary

The experimental results shdthatthe feedforward ANN provides better joint anglkestimdion
with a correlation coefficient of 0.984ID8 and mean square error l&ssn 3%, when compared
to theANFIS model with subtractivelustering This result suggests that ANN with WL features
provides a viable and effective estimation for finger joineknatics and demonstrates a potential
control strategy, whictcan be applied for continuous control of robotic devidé® estimation
resultsobtainedfor each joint angle will be used to desifinite state controller for the overall

control of exoskieton hand in chapter 6.
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Chapter 6

DESIGN AND CONTROL FRAMEWORK FOR EXOSKELETON HAND

6.1 Introduction

In this chapter, the control framework for taroskeleton hand is presenteddiyploying the
results of the estimations obtathin the previous chaptefFhe control framework includes an
EMG based controller thédikesinto account the user motion intention as pathetontrol input

in designing the overall control scheme. The earliest myoelectric controller was applied around
the 1950s to 1960s usisgnple algorithms based on the comparison between EMG amplitude to
a threshold. Tatechnique is inherently limited. Therefore, in the 1960s, pattern recognition based
classification techniquewere introduced and attracted the interest of researchersingodn
controlling artificial limbs with performance accureegreater than 90%. The approach is based

on the assumption that the EMG signal patterns are distinguishable and repeataflditisrent
muscles activatiarHowever, this control approachnst applicable in clinical prack and seems

to be only successful in the scientific papers.

The main issues with the myoelectric control based on pattern recognition are due to the discrete
approximation making the control scheme sequential withoutegtdbroportional control that
substantially differs from the natural control of the human hand. The human hand requires
continuouscontrol and coordination afnultiple degrees of freedom across several joints. Its
movements are generally simultaneous \pithportional articulation. However, the proportional
control degrades the accuracy of the classificationsamslially implemented after classifications
are made. Thus, control methods that realise continuous and proportional control of multiple DOF

shoud be implemented and realised to control the exoskeleton hand.
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In this research, a hierarchical control based strategy is designed to control the exoskeleton
hand. Technically, in developing a complex system, the hierarchical control scheme is often
introduced to organise and divide the design task as a hierarchy. The higher level of control
requires longer execution time and process wthielower layer computes the direct control
command based on decisions made by the higher level. The framefabekproposed control

methodis discussed in the following section, followed by the results and performance analysis of
the controller.

6.2 Exoskeleton Hand Control Framework

A threelevel hierarchicatontrol framework is employed to control the exoskeldtand. The
proposed framework was inspired by and extended from the control strategies for lower limb
prosthesis introduced bjucker et al.(2015)and Varol et al(2010) It comprises higHevel
control, midlevel control and lowevel contro] as shown in Figure 6.1.

. High level control Desired joint .
Human Trajectory g angle Mid level control
{bﬂiﬁ‘d on EMG 5igna|5} Mapped the extracted features )
* of EMG signals from different * SW'ch beh':.reen CASES
Various finger forearm muscles forlfmger pinch, hand
pinch and hand {flexion/extensor muscles) and grip and wrist angle
grip strength wrist position to the angle controliers
Diﬂ'Trent wrist Desired hand
angle grip and wrist
angle
4
Exoskeleton Hand
Angle, and Low level control
torque
PID controller
{full actuation)

Figure6.1: Hierarchical ontrol framework for thexoskeletorhand

The hand movement is origited from the user motion intémms whosephysiological state
and desirean be traced and interpreteéd the high-level control(the perception levelthe user

motion is perceived and estimated by the activity recognition medéch comprises the

104



processing techniques for the EMG signals together with the supervised learning algorithm which
translate the muscle excitation intiinematics estimations of the handsaswn in Figure 6.2t

distinguishs different movementbke finger pinches, hand grasping, flexion and extension of the

wrist andswitches to appropriate midevel controller.

Kinematics Analysis

ovement EMG Signal Analysis Time AV AN
intentions | ---c--eooooaoo poommseoe- ) mmmmmmmmmem e ro-mmmmmmmg ; f(nja 2:}?:; . model _______ dee' . Hand movements
:: Data | | Band-pass ! | Normalisation | ! Featu.re !
! segmentation ™ filter | " :_P: extraction || compared I:>
(the forearm bommmemeeeee T )
EMG signal) pooe¥oo-eey (finger pinches,
| Estimated hand grasping and

wrist movements)

Figure6.2: The activity mode intent recogar

The midlevel controller (the transition leveljanslats the activty mode decisions from the
high-level control tothe desired device states for the ldevel control to track. It generates the
angle references for the joint usiadinite state mahine (FSM) controller that modulates the
impedance of the joints depending on the phase of actiMitg.desired state control action is
passed to the lovevel controller (the execution levelyhich executes the control command and
signabk the actuator$o produce the desired hand movemdnhtomputes the error with respect to

the current state.

6.3 Hierarchical Control of the ExoskeletonHand

The control framework proposed in this research is executed and validated using the exoskeleton
hand designedan Chapter 3. Figure 6.8hows ablock diagramof the overall control of the
exoskeleton hand in Simulink; the graphical programming environment that affertggration
platform with the MATLAB software, developed by MathWorks. The oater integrateghe

joint angles estimatelly the ANN moded based on the WL features with the finite state machine

that switclesamong the controllenodeand theclosedloop proportional integral derivativé’(D)
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control position controllers that compensdta the eror computed by the actuators of the

exoskeleton anddeveloped in SimMechanics.
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Figure6.3: Block diagranof overall system controlleshowingthe integration of the propose
hierarchical control framework for the exoskele hand; the perception level, the transitio

level and the execution level.

6.3.1Finite State Machine Controller

The finite state machindFSM) is the most popular mitkvel controller used in lower limb
exoskeletongMirandaLinares et al., 2015upper limb exoskeleton and many oth@rscker et

al., 2015) preferably due to its sequential operatiisM is a computational model of sequential
behaviar of a system antg commonly used to represemt axecution flow for the systerit is

defined by its states, its initial condition and the ¢bods of each stat transition The FSM
compries a sebf predefined statewith transition statein between; the state is a status of the
system waiting to execute the transition that contains the corresponding outputs/actions when a

condition is fulfilled.

In this regarch, the midevel control is designed using two FSM models thatiaegl to control
the finger pinching and hand grasping at different wrist positions. States were defined based on

the classification of the movements similar to the classification mattegdhe features extraction
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process.Figure 6.4 shows the FSM diagram developed to control the finger pinches for the

exoskeleton hand.

P

Pinky to thumb finger pinch (FP4)
entry:

xfinger=[0;0;0]
Middlefinger=[0;0;0]
Ringfinger=[0;0;0]
Pinkyfinger=[12,34, 29

| |

(Tndex to thumb finger pinch (FP 1) (Finger at rest (FR) w "Ring to thumb finger pinch (FP3)
- R . : entry:
Indexfinger=[10;26,27] = N P = .
Middlefinger=[0; 0; O] B e 01N ] ger—{0,0.0]
Ringfinger=[0;0;0] h | Middlefinger=[0;0;0] | efinger=[0;0; 0]
Pink Ting;nr:[ﬁ D o Ringfinger=[0;0;0] I Ringfinger=[8;32;24]
¥ - ro Pinkyfinger=[0;0;0] Pinkyfinger=[0; O; 0]

MMiddle to thumb finger pinch (FP2)

Index ger=[0,0;0]
Middlefinger=[10;27;32]
Ringfinger=[0;0;0]
Pinkyfinger=[0; 0; 0]

Figure 64: Finite state controller for finger pinches

For finger pinches, the FSias builtusingfive states with ten transitions, whigfclude finger
at rest, index to thumb finger pinch, middle to thumb finger pinch, ring to thumb fingergmdch
pinky to thumb finger pinch.The five states are represented by the set,0552,34}. The
transitions between each states are triggeretihieg input functions generated continuously by
hightlevel controller. The input set afe{ DIPangie PIPangie MCPangig . Meanwhile, three outputs
are generated for each finger pinches making titgud set to beO={ DIPindex PIPindex MCPndex,
DIPmiddie PIPmiddie MCPrmiddie, DIPring, PIPring, MCPring, DIPpinky, PIPpinky, MCPoinky} . Each state
with its input sets and output functions are as follows:

State 0: Finger at rest. This is the initiatstin which all fingers are at resting positic
(O degree for all joints). The next state is activated when the DIP, PIP and MCI

angles change to the value set for FP1.

State 1: Index to thumb finger pinch. In this state, the DIP, PIP and MQRales are
estimated to be the angles for index finger (FP1). Other fingers are not activate
next state is activated when the DIP, PIP and MCP joint angles change to the vi
for FP2.
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State 2: Middle to thumb finger pinch. Similar to theviwas state, the DIP, PIP ar
MCP joint angles are estimated to be the angles for middle finger (FP2). Other -
are not activated. The next state is activated when the DIP, PIP and MCP joint
change to the value set for FP3.

State 3: Ring to tmb finger pinch. This state triggered when the DIP, PIP and |
joint angles are estimated to be the angles for ring finger (FP3). Other fingers
activated. The next state is activated when the DIP, PIP and MCP joint angles ch
the value sefor FP4.

State 4: Pinky to thumb finger pinch. In this state, the DIP, PIP and MCP joint ang
estimated to be the angles for pinky finger (FP4). Other fingers are not activated.
The orresponding input set and output functions for each stategseelied in Table 6.1.

Table6.1: Thestate with input set and output functimn finger pinches

States/phase State transitions OutpufActions

Finger at rest (FR) Finger pinch is off; All finger pinches is 0
DIP = 0; PIP=0; MCP=0;

Index to thumb finger pincl Fingerpinch is on Index finger = [10;26;27];
(FP1) 8.5 < DIP >10.5; Othersis 0

20.5< PIP > 26.5;
24.5< MCP > 28;

Middle to thumb fingen Finger pinch is on; Middle finger = [10;27;32];
pinch (FP1) 8.5 < DIP >10.5; Othersis 0
26.5< PIP >32;

24< MCP >30.5

Ring to thumb finger pinch Finger pinch is on; Ring finger = [824;32];
(FP1) 8.5 < DIP >1.5; Othersis 0

30 PIP >32.5

24< MCP > 2;
Pinky to thumb finger pincl Finger pinch is on; Pinky finger = [12;34;29];
(FP1) 11 < DIP >2.5; Others is 0

2% PIP >35,

2% MCP >30.5
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The finite state machine controller for wrist movements is based on the hand grasping at
different wrist positions (neutral, flexion and extensian)illustrated in Figure 6.3t was built
with six states and 12 states transitions, represented by the sef],3:8,45}. The transitions
between each states are triggerediby input functions generated continuously by highel
controller. The input set arke={ Wristangle, Handgripstrengt}. Meanwhile,two outputs are generated

areset to beO={ Wrist, Handgrash

rHandgrip_extensi-:un (HGE)
entry:

Wrist=45

handgrasp=10;

tn—

fHandopen_neutral (HON) W

(Handgrip_neutral (HGHN) Handopen_extension (HOE)

entry: i 1 ent;t_n 5 “entry:
wrist=0; o J wrist=45;

|j| =L
handgrasp=30; L EEDSE handgrasp=0;
L L

.

i o

‘Handopen_flexion (HOF) Handgrip_flexion (HGF)
entry: entry:

wrist=45: wrist=45;

\handgraspﬂ]: handgrasp=20;

Figure 6.5: Finite state controller for wrist movements

Based on Figure 6.5, each state with its input sets and output functions are as follows:

State 0: Hand ag at neutral. This is the initial state in which all fingers and wrist &
resting positions (0 degree for all joint angles). The next state is activatedthen
handgrip is triggered while the wrist angle is set to be O degree. This is based

predicted angles measured in higlrel controller.

State 1:Hand grip at neutralln this state, thénandgrip is triggered at neutral wri
positions. Other statesare not activatedThe hand will be closed at-degree wrist

position.The next state is #ieated wherhand open at wrist flexion is triggered
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State 2Hand open at flexion. This state is triggered when the wrist angle is estimz
be at 45degree wrist flexiorfor hand open The next state is activated when !

handgrip isactivatedat smilar wrist angle.

State 3:Hand grip at flexion. In this state, the handgrip is triggered at flexion
position. Other states are not activated. The hand will be ctosktlexed tal5-degree.

The next state is activated when hand open at wrishsion is triggered.

State 4:Hand open at extension. This is the state is in which the hand is open
degree extension. The next state is activated when the handgrip is activated at

wrist angle.

State 5: Hand open at flexion. In this stahe handgrip is triggered at extension w
position. Other states are not activated. The hand will be closed and extendec

degree.

The corresponding input set and output functions for each states are described in Table 6.2.

Table 6.2: The statwith input set and output function for wrist movements

States/phases State transitions Output/Actions

Hand open at neutral Hand graspings off; Handgrasp = 0;
-2 < wrist< 2; Wrist =0

Hand grip at neutral Hand graspings on; Handgasp = 20;
-2 < wrist< 2; Wrist =0

Hand open at flexion Hand graspings off; Handgrasp = 0;
wrist > 40 Wrist = +45

Hand grip at flexion Hand graspings on; Handgrasp = 20;
wrist > 40 Wrist = +45

Hand open at extension| Hand graspings off; Handgasp = 0;
wrist < - 40 Wrist =-45

Hand grip at extension | Hand graspings on; Handgrasp = 20;
wrist < - 40; Wrist =-45
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Based on thdata in Table 6.lthestate transition is defined basen the ANN model as shown
in Figure 66. The estimated angle for DIP, PBhd MCP jointsdr each respective finger joirst

used as the conditidhatis needed to be fulfilled befoexecuting the output or action

I T T I I I I I
25— —
T
=
Bo 20 —
b
=
]
BT a
£ 15
10 — — |
/ — -
-
- i A —
x7
v D64
—m
| 1 1 1 1 |
1 15 2 25 40 4
Time (s)
0<DIP<3 DIP=10 DIP=10 DIP=8 _
_ DIP=12
PIP=0 PIP=26 PIP=27 PIP=24 PiP—sa
MCP=0 MCP=27 - _ =
MCP=32 MCP=32 MCP=29

Figure6.6: The reference trajectories divided by states based on the estimated DIP, PI
MCP joint angls. (As for the legend; blue line is the DIP joint angle, yellow line is the P
joint angle, while red line is the MCP joint angle )

The dtained results produced joint angle references for each respective finger joints with
acceptable activation period&.trapezoidal type of sighalas observed for each finger pinches

with different activation periods for each movement due to the variations in the input data set as

shown in Figure @.
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Figure6.7: The angle references computed by the FSM controller.

6.3.2 PID controller

The computed reference angles are fed to the cllosgdPID controller to computie desired
finger pinches. The exoskeleton hand is assilimoperate with 100% control command with no
control input from the human user. The composiof the human hand mass is approximated and
incorporated in the exoskeleton mod&he exoskeleton hand is designed with full actuation with
the intension to produce hafuhctionality that can emulate the acttaman hand. Each of the
joints is contolled by separate actuators requiring independent PID controller for each joint. This

however has caused thgstem to be complex, and incre#ise computational load and time.

Figure 68 and Figure @ showthe computed joint angles and torqoeihdexto thumb finger
pinch (FP1) The control parameterfor the PIDwere manually tuned t@roducethe desired
control responsdnitially, all control parametasiwereset to zero. Then, thoportional P) gain
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was increased followed by tlterivative D) gan andintegral () gain. The | gairwas adjusted to
obtain es=0. It is noted in Figure 6.7, thevgere small overshoot and undershoot in the control

response computed for each joint angle. Therefibreintegral gain was reduced whileghe

derivativegain was adjusted.
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Figure6.8: The joint angle and torque computed for index finger whidtontrol parameter
Kp=0.5, Ks=0.02, K=1.5.
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Figure6.9: The joint angle and torque computed for index finger with adjusted contrc
parameter&,=0.5, Ks=0.01,K;=1.
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6.5 Summary

This chaptehaspresented the control framework that integrates all methods described in this
research. The proposed framework compras8devel control hierarchy that computes different
outpus or control actions. The resultsve leenvalidated and good resultsive been achieved

The results produced by the malel and lowlevel control are analysed in terms of variations
between the input and the output trajectories. Root mean square error (RMSE) is computed for
both midlevel and low-level control while the control response in terms of steady state error and
percentage of overshoot is evaluated for the-llwel control.It can be concluded that the

proposed control design is viable and sufficient to be used in controllingdkketeton hand.

114



Chapter 7

CONCLUSION AND RECOMMENDATION FOR FUTURE WORK

7.1 Discussion

A literature review has been carriedoutstda udy t he devel opment of ex
challengesGaps have been identifiedegardingthe development of @skeleton hand in virtual
environments for early design assessmelitsvas found that most of the publications on the
development of the exoskeleton hand described the construction of the mechanical prototype with
only a few described the use of virtuaveonments. The recent advancement in computational

tools allow the integration of complex physical and mathematical systems to be carried out in
simulations.The geometric Solidworks assembly of #seskeletorhand is transformed into a

physical modeln SimMechanics

The exoskeleton model scheme presented acceptable prototype animation with several
limitations. The design structure is designed with the palm thidsto the ground analttached
to a forearm thatvas freely moved. Echnically, this deign structureis not following the
biological hand movements as supposedly, the foread®signeds the distal body to the wrist
joint and tied to the ground. Even though the simulation model of the exoskeleton hand is not quite
right, it still able toproduce acceptable results for early control design assesséeditsonally,
the designed exoskeleton hedgid structure(with parallel joints)that hinders a full kinematic
compatibility when attached to the human joititss difficult to model tle biological joints of the
hand making humarexoskeleton attachmeumlifficult. This can be improved by introducing
0ci r cui thaicoiscidgs the joint axes between the human and the exoskeleton by extending

the link length of the finger in propooth to the joint angular displacement.

115



It was also found thahe most significant step in developing theskeleton hanid to design
an effective controbcheme that includes the user motion intention as part of the control input. It
can be done by erdcting the useful information within EMG signals to produce {ggahlity
featuresets with significant separability of classes for each finger and wrist movements. Previously
publishedstudies show that the current EMG based control schemes employeadroilicm the
available multiple DOFexoskeleton hands cannot fully utilise the hand function because there are
fewer control inputghan the joints that need to be controlled. It is based on pattern recognition
that is sequential with limited robustnessitacan process only a single movement at a.tirhe
proportionalcontrolleris normally appliedafter classification is done to avai@égradation in the
classification performancesherefore,m this research, the relationship between the forearm EMG
signals with various finger pinches and handgrip strength at different wrist positions were
established by usingonlinearregression methods.

The EMG datacollectedwere pre-processed and the featuresre extracted. These steps are
crucial andnot only s$gnificant in extractng usefulinformation but also essentia be usedn
removing the unwanted signal part and interferendes time domain features extracted produced
significant class separability when normalised as presented in Cha3sercd.he EMG data
collected were extensively analysed, the remaining normalised andonmalised features
extraction results for different percentage of maximum voluntary contragéogincluded in the

Appendixes.

The EMG pattersrecognition process is mdid by replacing the classifier with supervised
learning method; deedforward artificial neural network (ANN) and adaptive nefuazy
inference system (ANFIS) with subtractive clusterifge learning method are used to predict the
finger and wrist jant angles based on the extracted EMG features. The results show that the ANN
model provides superigoint angleestimatiors when compared to the ANFIS modelzen though
the EMG signbs are proportional to the haguip force, the estimations for tharceis notincluded
in this research workinstead, the handgrip force was recorded and used only to analyse the
maximum voluntary contraction of the finger pinchesd hand graspingt different wrist
positiors.
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To integrate all components together, hienaral control comprigmg threelevel controllers is
proposed as the overall control scheme for the exoskeleton hand. In tHeuveigbontrol, user
defined motion intention based on forearm EMG signals is used as control input where the
kinematic estimatin of the hand is computed based on the established relationship. Finite state
machine controller is designed in the transition layer between high level afeMelhcontrol to
govern and join the fingers and wrist controls together before any movenexecisted by the
low-level control using the classical control approach, the PID contrdkehnically, the high
level controller is used to predict the finger and wrist joint angles and provides continuous
isometric grip pattern. Therefore, employing #SM controller as the migvel control will limits
the predictions to a discrete set of grip pattdtris.a compromised that was made for the purposes
of demonstrating and analysing the overall control performance. Due to that, {leyé&wontrol
was tested using the FSM results yielded for the finger pinches only.

7.2 Conclusion

This research has embarked on the modelling and EMG based control of an exoskeleton hand to
provide excellent assistance to the stroke survivors in accomplishing sialgleahd functions.

Being able to accomplish these basic tasks, which are often less appreciated by healthy individuals,
can significantly improve their quality of life. The research starts with the designing method used
to produce the exoskeleton handdebin a virtual environment to avoid complex and challenging
mathematical computation of the system modelling. Besides, the virtual model can save the
development cost and provides a reliable testing platform with the exoskeleton hand.

The design exoskelen hand is done by following the anatomy and biomechanics of the human
hand closely. Anthropometry measurement of the human hand is compared and referred for the
measurement of the exoskeleton hand. The simulation diagram of the designed exoskeleton hand
shows a satisfactory result with a few joint movement restrictions that can be improved in the

future.

In defining user motion intention, the EMG data collected is processed and analysed to produce
a functional time domain features that is useful to sthdymuscle excitation and to establish the
relationship between EMG signals, finger pinch/hand grip strength and different wrist positions.
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Valuable WL features are produced and proven efficient to be used in estimating the respective
joint angles througthe implementation of ANN model. The performance of the ANN and ANFIS

modelling are compared, and the ANN model is concluded to be superior to the ANFIS model.

The hierarchical control framework employing the results from all stage of research together
yielded a viable and effective control approach for controlling the exoskeleton hand. The control
design was validated, and its control performances were analysed. Several statistical approaches
were used to measure the accuracy of the results obtairtes naspective stage such as the-one
way ANOVA with Turkey Kramers test, the RMSE and the MSE, the regression value and the

standard control response; steatigte error and percentage of overshoot.

Overall, based on all the aforementioned simulation resuttcan be concluded th#te
modelling andEMG based controller for exoskeleton hand is successfully achieved with several
limitations. The proposed supervised learning methods are capable in providing joint angle
estimations that can be used to contumly predict the isometric grip pattern. The proposed
control framework can be easily replicate to integrate and control the fingers and wrist movements

of the exoskeleton hand.

7.3 Recommendations for Future Work

Despite all the careful evaluations aftbrts that had been done to efficiently model and control
the exoskeleton hand, there are a few suggestions for improvement that can be done to improve

the control performance of the exoskeleton hand further. The suggestions are as follows:

1. Based on the@xoskeleton model scheme, the palm is designed as the body distal to the
wrist and is tied to the ground. It is attached to the forearm that is freelydmatrea
single DOF joint represented as the wrist. The designed structure is due to the amendment
made in the scope of this research tbaly consideredhe wrist structuréo be included
afterthe model is complet#t. need to be improviday changing the forearm to be the distal
body to the wrist.
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. The joint finger estimation is done based on the tiomain features that are not suitable
for nonstationary datasets. Therefore, it is useful to study another type of features like

frequency domain or timBequency domain features.

. The midlevel control is independently designed between finger pinchesrstgosition.
Integrating these two controllers would be beneficial for the overall control of the

exoskeleton hand.

. Based on the research conducted, it is difficult to achieve robust control solely using EMG
signals. Thus, the use of other sensor fusigether with the EMG signal seems necessary.

For example, embedding the force measurement using a mechanical sensor together with
the EMG signal as part of control input in predicting the intention of the user might improve
the performance and adaptatilfor the exoskeleton hand control. It is also useful if
adaptive control can be designed in case of any interruption in acquiring the EMG signals.

. Crossvalidation to randomly produce the training and testing datasets.

. The control of the exoskeleton ithwas done by assuming that the exoskeleton hand
provides 100% assistance, which may not always be true. Analysing the control
performance at different assistive percentages would increase the efficiency of the overall

control.

. Feedback sensor for safety.the development of the exoskeleton hand control scheme,
there is no proprioceptive feedback provided to observe the performance of the grasping
task that are carried out automatically. In the case of unsuccessful event, the only available
feedbackis@sed on user6s direct vision to reset
the feedback sensor as part of the control design will increase the safety measures for the

Users.
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Appendix A The commerailly available exoskeleton hand

Characteristicy

Assistive Device(s)

assistive device.

that employed the soft exoskelet
technology.

Device Name MyoPro Daiya Glove Carbonhand

(or also known as SEM Glove)
Company MyoMo Inc (2015) Daiya Industry(2013) Bioservo Technologie@015)
Functions Powered orthosis that work as a mokl A pneumatic power assist glove | A soft powered glove use to assis

individuals with weakn hand
strength.

Basic Features

Portable and lightweight arm brace
powered elbow orthosis with surfa
electromyography (EMG) sensors,
static or manually set muiérticulating
wrist (MAW), and a powered -faw-
chuck grasp.

It consists a glove withthree
fingers compartment (with pink
ring and middle finger merge
together), sensors, and a contro
that link compressed gas caniste

A lightweight glove with sensors,
pouch with a controller and batteri
and a connection system.

Supported
Movement

Elbow flexion/extension, wrist
flexion/extension and
supination/pronation, and hand

grasping.

Support bending and stretching ¢
fingers.

Cover full degrees of freedom for
the hand.

Approximate

Cost

$13,400 or $ 150 per 1 hour session

250, 000 yen

£47 30 or 1U6000
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Characteristics

Rehabilitation Device(s)

Device Name | AMADEO Hand of Hope InMotion Hand InMotion WRIST
Company Tyromotion(2018) RehabRobotics(2015) Bionik Labs(2010a) Bionik Labs(2010b)
Functions Rehabilitation device Neuromuscular Rehabilitation device thg Rehabilitation device that

using powered end
effector exoskeleton.

rehabilitation of the hand
and forearm vth
biofeedback system.

provides intensive
sensorimotor grasp and
release hand therapy.

provides intensive
sensorimotor wrist and forear
therapy

Basic Features

Adjustable handéirm
support, electricayl

driven mechanism,
integrated biofeedback, 4
control and operating uni
(all-in-one PC).

Hand brace with two surfag

sensors attached to the

extensor and flexor muscle

of the arm associated with

reattime interactive games

Contoured finger and
thumb gri with

adjustabldength forearm
rest.

Robotic arm with 3 active
degreesof-freedom.
Adjustableheight robot and
workstation.

Supported
Movement

Assistive and interactive
therapies for flexion and
extension movements of
the finger and thumb.

Full range & motion for
fingers, hand opening and
grasping.

Grasp and release
exercises combined with
reaching movements

Wrist abduction/adduction,
wrist flexion/extension
Forearm pronation/supination
Wrist and forearm combinatio

Approximate
Cost

Overall cost is at stated.

$ 300 per dhour session.

ua 20, 00O

Not stated

$ 10, 000 +
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Characteristis

Device Name

Augmentative Device (S)

by,

- |

I_ror‘wand -
l

/

GM/INASA
ROBOGLOVE

ExoHand

Ironhand

RoboGlove

Company

The Festo Grouf2012)

Bioservo Technologies

General Motors and NASA

Functians

An augmentative exoskeleton that
works as a masteslave system to
tele-operate a robotic hand.

A soft powered glove for
professional use that reduce fatigt
and injury due to repetitive tasks.
employed soft extra muscle
technology that can augmehtt
user 6s finger f

A force multiplying and motor

assisted glove designed to help
reducing the grasping force needec
by the factory workers; either for
extended time or for repetitive work

Basic Features

Consists of eight doublaction
pneumatic acwators, potentiometer
and pressure sensors which provide
force amplification and force feedbay
to the overall system.

Consists of a glove that covers all
fingers, equipped with sensors an
servomotor, and a power unit.

Consists of a glove that covers all
fingers, equipped with actuators an
artificial tendons that mimic the
muscles of the human hand.

Supported
Movement

Covers full degrees of freedom for t
hand and provide diverse techniques
for grasping and objects handling.

Covers full degrees of freeth for
the hand.

Covers full degrees of freedom for
the hand.

Approximate
Cost

Not stated.

Not stated.

Not stated.
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Appendix B: Documentation for EMG data collection

The
University
Of
Sheffield.

Diepartmeant of Antoenatic Coatroel and Syztems Enginsering

Ay Tokhmson Building

The Univearsity of Sheffiald

Poriobello Sreet

Sheffeld 51 37D 03 Dlay 201G

Digar participant=

Az part of the ressarch requirements for doctorzl program at The Univerzity of Sheffisld
(TO5E), I am conduciing a research for the purpose of imvestigating the inter-relation between
forearm elecirommyvogram (ERG) =ignals hand zrip force and wrist angles. This will feed Dito
desien of assistive exozkeleton hand control. The elacironrvogram 1= exiracied fom forsarm
mmacles naing surface electrodes thus non-imrasive.

I would welcome your participation (participants either male or female aged betvraen 30 to 40
yaars old) iz entiraly voluntary, and you may withdraw Som this shady st any tirne. The promisze
of strict confdentiality is szsarad in both the collection and reporting of the data. Any findings
obtainad in connecton with this stody will be presented in such a way that no individual wmll
be identifighle. By completing the attached consant form, vou will be granting me permission
to publizh azgragated result: in my dissertation, in peer reviewesd jourmals, and at professional
conferences.

Hopefully, the resultz froom this research will enhance the techmologzy m communication
bebavesn buman and machine and azzist the conirol development of exoskelston hand in ways
that would benefit and azzist sooke survivors and others, Should vou have aoy goestions gbowt
this stady, please contact me at nabaslFsheffeld acnk Thank von in advance for vour time
and willineress to participate in this stody.

SmceTely,

Horafizah Abas
PhD Candidate
E-rmail: nabasl G sheffield ac uk
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Title of Fesearch Projact Development of Exoszkaleton Hand Coatroller Bazed on Foreanm
Elacromyvogram Siznal

Wame of Fiesearcher: Worsfizan Abas

Participant Identification Mhonber for this project:

Please imitial box

1. T confimn that I hawe read and understand the information lstter
dated 03 DMay 2014 explaiming  the abowe reseamch  project
and [ have had the opporunity to 23k guestions akout the project

2. T understand that my participation is voluntary and that I am free to withdraw
at ny tme without giving amy reason amd without there being any nepative
conzequences. [n addifion, should T not wish fo proceed with any parficular
procedare or procedures in amy of the experiment, [ am fTee fo declme.

3. ] understamd that my responses will e kept sincly comfidential
I pive permiz=ion for the researcher fo have acces: to my aanyeized responzes.
T undersiand that my name will pot be linked with the research materzl, and 1
willnot be identified or identifiable in the report or reparts that reaalt from the
rezearch.

4. I agres for the data collected fom me to be uzad in future ressarch.

5. T agres to take part in the above razearch project.

Mame of Participant Diate hignahirs
Morafizah Abas Diate hignanirs
PhD Candidate

Diepartmeant of Automatic Coatrel and Systems Enginsering
Amy JTolmson Building

The Univarsity of Sheffi=ld

Paortabells Soreet

Sheffield 51 310

E-rnail: nabasl@=heffield ac uk
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Appendix C Time domain features without normalisation for finger movements

RMS features at 20% of MVC of hand pinch and grip strength
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FigureC1: Features extracted (from FDS, FDP and EDC muscles) at 20% of MVC fingepgibHar
four medial fingers

RMS features at 40% of MVC of hand pinch and grip strength
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FigureC2: Features extracted (from FDS, FDP and EDC muscles) at 40% of MVC fingeepgibHa
four medial fingers



RMS features at 60% of MVC of hand pinch and grip strength
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FigureC3: Features extracted (from FDS, FDP and EDC muscles) at 60% of MVC fingepgibHar
four medial fingers
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FigureC4: Features extracted (from FDS, FDP and EDC muscles) at 80% of MVC finger pinch strength for

four medial fingers
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RMS features at 100% of MVC of hand pinch and grip strength MAV features at 100% of MVC of hand pinch and grip strength
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FigureCb5: Features extracted (from FDS, FDP and EDC muscles) at 100% of MVC fingérapigtth s
for four medial fingers
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Appendix D: Time domain features with normalisation for finger movements

RMS features at different % MVC for thumb to index finger pinch (FP1)
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FigureD.1: Extracted features from FDS, FDP and EDC mus@ssdon normalised EMG at

different % of MVC (from 20 to 100%) f
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FigureD.2: Extracted features from FPL and EPB muscles based on normalised EMG at
different % of MVC (from 20 to 100%) for index to thumb finger pinER{). The FPL and

EPB muscles are otributed to the thumb movement
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RMS features at different % MVC for thumb to middle finger pinch (FP2) MAV features at different % MVC for thumb to middle finger pinch (FP2)

Channel C (EDC)
Channel C (EDC)

015

01 01

0 0 0 0
Channel B (FDP) Channel A (FDS) Channel B (FDP) Channel A (FDS)

|IEMG features at different % MVC for thumb to middle finger pinch (FP2) WL features at different % MVC for thumb to middle finger pinch (FP2)

Channel C (EDC)
Channel C (EDC)

30

0 0 0 05
Channel B (FDP) Channel A (FDS) Channel B (FDP) Channel A (FDS)

FigureD.3: Extracted features from FDS, FDP and EDC muscles based on normalised EMG at
different % of MVC (from 20 to 100%) for middle to thumb finger pinch (FP2)
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FigureD.4: Extraced features from FPL and EPB muscles based on normalised EMG at
different % of MVC (from 20 to 100%) for middle to thumb finger pinch (FP2). The FPL and

EPB muscles are atributed to the thumb movement
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RMS features at different % MVC for thumb to ring finger pinch (FP3) MAYV features at different % MVC for thumb to ring finger pinch (FP3)
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FigureD.5: Extracted features from FDS, FDP and@E&muscles based on normalised EMG at
different % of MVC (from 20 to 100%) foirrg to thumb finger pinch (FP3)
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FigureD.6: Extracted features from FPL and EPB muscles based on normalised EMG at
different % of MVC (from 20 to 100%) for ring to thumb fergpinch (FP3). The FPL and EPB

muscles are auributed to the thumb movement
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RMS features at different % MVC for thumb to little finger pinch (FP4)
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FigureD.7: Extracted features from FDS, FDP and EDC muscles based on normalised EMG at
different % of MVC (from 20 to 100%) for middle to thumb finger pinch (FP4). Each of the
MVC percentage of normalised EMG is corresponding to the same MVEnpage of finger

pinch strength
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FigureD.8: Extracted features from FPL and EPB muscles based on normalised EMG at
different % of MVC (from 20 to 100%) for pinky to thumb finger pir{€i*4). The FPL and

EPB muscles are otributed to the thumb movement
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Appendix E: The standard deviatioomputed for the features contributed to the finger movement

Task/Motion| Feature | Muscles Standard deviation values

20%of | 40%of | 60%of | 80%of | 100%o0f
MVC MVC MVC MVC MVC
FDS 0.0115 | 0.0062 | 0.0139 | 0.0197 | 0.0187
FDP 0.0047 | 0.0092 | 0.0213 | 0.0204 | 0.0229
RMS EDC 0.0076 | 0.0107 | 0.0139 | 0.0156 | 0.0207
FPL 0.0032 | 0.0060 | 0.0066 | 0.0207 | 0.0368
EPB 0.0165 | 0.0165 | 0.0181 | 0.0194 | 0.0182
FDS 0.0074 | 0.0052 | 0.0095 | 0.0144 | 0.0126
FDP 0.0039 | 0.0072 | 0.0171 | 0.0170 | 0.0184
MAV EDC 0.0063 | 0.0078 | 0.0104 | 0.0123 | 0.0132
FPL 0.0027 | 0.0050 | 0.0058 | 0.0153 | 0.0302

thmgxp}gch EPB | 0.0137 | 0.0135 | 0.0143 | 0.0151 | 0.0145
(EP1) FDS | 1.9009 | 1.3236 | 2.4298 | 3.683 | 3.2184
FDP | 0.9890 | 1.8378 | 4.3677 | 4.3563 | 4.7075

IEMG EDC | 1.6203 | 2.0040 | 2.6676 | 3.1512 | 3.3872

FPL | 0.6793 | 1.2706 | 1.4800 | 3.9162 | 7.7377

EPB | 3.5056 | 3.4676 | 3.6596 | 3.8666 | 3.7036

FDS | 0.0841 | 0.1002 | 0.1818 | 0.2846 | 0.2821

FDP | 0.0412 | 0.1333 | 0.3260 | 0.3779 | 0.4293

WL EDC | 0.1080 | 0.1227 | 0.1959 | 0.2718 | 0.3126

FPL | 0.0542 | 0.1047 | 0.1292 | 0.2369 | 0.5166

EPB | 0.2269 | 0.1888 | 0.2234 | 0.3330 | 0.3068

FDS | 0.0091 | 0.0101 | 0.0159 | 0.0252 | 0.0246

FDP | 0.0090 | 0.0111 | 0.0200 | 0.0294 | 0.0320

RMS EDC | 0.0091 | 0.0121 | 0.0130 | 0.0148 | 0.0231

FPL | 0.0069 | 0.0087 | 0.0154 | 0.0162 | 0.0258

EPB | 0.0161 | 0.0149 | 0.0147 | 0.0239 | 0.0287

FDS | 0.0071 | 0.0077 | 0.0119 | 0.0192 | 0.0185

FDP | 0.0075 | 0.0089 | 0.0166 | 0.0233 | 0.0266

MAV EDC | 0.0067 | 0.0085 | 0.0100 | 0.0100 | 0.0172

Viddle to FPL | 00058 | 0.0075 | 0.0116 | 0.0130 | 0.0193
thumb pinch EPB | 0.0132 | 0.0123 | 0.0123 | 0.0191 | 0.0228
(EP2) FDS | 1.8250 | 1.9749 | 3.0393 | 4.9260 | 4.7476

FDP 1.9132 | 2.2746 | 4.2600 | 5.9703 | 6.8085
IEMG EDC 1.7202 | 2.1676 | 2.5483 | 2.5584 | 4.4001
FPL 1.4930 | 1.9093 | 2.9594 | 3.3289 | 4.9462
EPB 3.3757 | 3.1557 | 3.1477 | 4.8895 | 5.8478
FDS 0.1442 | 0.1456 | 0.1569 | 0.2096 | 0.3567
FDP 0.1021 | 0.1344 | 0.2121 | 0.3871 | 0.4195
WL EDC 0.1354 | 0.1248 | 0.1728 | 0.1950 | 0.3644
FPL 0.1147 | 0.1491 | 0.2125 | 0.1978 | 0.3210
EPB 0.2459 | 0.2248 | 0.2172 | 0.3369 | 0.4751
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FDS | 0.0072 | 0.0118 | 0.0220 | 0.0211 | 0.0212
FDP | 0.0142 | 0.0105 | 0.0280 | 0.0195 | 0.0223

RMS EDC | 0.0091 | 0.0111 | 0.0184 | 0.0212 | 0.0218

FPL | 0.0039 | 0.0046 | 0.0087 | 0.0325 | 0.0303

EPB | 0.0069 | 0.0063 | 0.0216 | 0.0198 | 0.0140

FDS | 0.0051 | 0.0078 | 0.0159 | 0.0135 | 0.0143

FDP | 0.0111 | 0.0084 | 0.0225 | 0.0169 | 0.0177

MAV EDC | 0.0067 | 0.0089 | 0.0152 | 0.0173 | 0.0168

i FPL | 0.0031 | 0.0039 | 0.0072 | 0.0257 | 0.0242
thur:;)g;i?l o EPB | 0.0061 | 0.0050 | 0.0161 | 0.0160 | 0.0105
(FP3) FDS | 1.2963 | 1.9928 | 4.0616 | 3.4631 | 3.6512
FDP | 2.8531 | 2.1411 | 5.7603 | 4.3180 | 4.5383

IEMG EDC | 1.7265 | 2.2873 | 3.9001 | 4.4165 | 4.2915

FPL | 0.7976 | 1.0059 | 1.8337 | 6.5775 | 6.2014

EPB | 155290 | 1.2924 | 4.1122 | 4.0973 | 2.6843

FDS | 0.1010 | 0.1125 | 0.3148 | 0.2784 | 0.2464

FDP | 0.1279 | 0.1295 | 0.5273 | 0.4909 | 0.3505

WL EDC | 0.1277 | 0.1360 | 02852 | 0.3460 | 0.3070

FPL | 0.0505 | 0.0681 | 0.1250 | 0.4060 | 0.3686

EPB | 0.1182 | 0.1228 | 0.3041 | 0.2737 | 0.2025

FDS | 0.0087 | 0.0076 | 0.0091 | 0.0171 | 0.0225

FDP | 0.0130 | 0.0089 | 0.0146 | 0.0301 | 0.0358

RMS EDC | 0.0152 | 0.0163 | 0.0144 | 0.0307 | 0.02®

FPL | 0.0127 | 0.0119 | 0.0135 | 0.0205 | 0.0209

EPB | 0.0143 | 0.0125 | 0.0162 | 0.0170 | 0.0198

FDS | 0.0066 | 0.0061 | 0.0072 | 0.0131 | 0.0170

FDP | 0.0094 | 0.0074 | 0.0115 | 0.0239 | 0.0303

MAV EDC | 0.0106 | 0.0110 | 0.0106 | 0.0224 | 0.0208

pinky to FPL | 0.0111 | 0.0096 | 0.0118 | 0.0164 | 0.0174
thumb pinch EPB | 0.0120 | 0.0100 | 0.0130 | 0.0143 | 0.0155
(P 4) FDS | 1.6870 | 1.5582 | 1.8425 | 3.3516 | 4.3475
FDP | 2.4160 | 1.8845 | 2.9350 | 6.1216 | 7.7495

IEMG EDC | 2.7197 | 2.8119 | 2.7108 | 5.7441 | 5.3296

FPL | 2.8343 | 2.4678 | 3.0190 | 4.1962 | 4.4567

EPB | 3.0817 | 2.5504 | 3.3324 | 3.6652 | 3.9655

FDS | 0.1192 | 0.0899 | 0.1377 | 0.1967 | 0.2480

FDP | 0.2317 | 0.1074 | 0.2005 | 0.4907 | 0.7308

WL EDC | 0.1881 | 0.1484 | 0.1689 | 0.4005 | 0.4329

FPL | 0.2073 | 0.1984 | 0.2995 | 0.3355 | 0.3572

EPB | 0.2400 | 0.1986 | 0.1943 | 0.2577 | 0.2943
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AppendixF: Time domain features withonbrmalisation for wrist movements
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FigureF.1: Features extracted from flexor muscles (FDS and FCR muscles) at 60% of MVC
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RMS features for 60% MVC at varied wrist position
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FigureF.2: Features extracted from extensor muscles (EDC and ECRL musclé%) af MVVC

finger pinch strength for various wrist positions

145



FigureF.3: Features extracted from flexor muscles (FDS and FCR muscles) at 60% of MVC

finger pinch strength for various wrist positions (with filter)

FigureF.4: Features extracted from exsen muscles (EDC and ECRL muscles) at 60% of MVC
finger pinch strength for varieuwrist positions (with filter)
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