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Abstract

This thesis aims to explore the feasibility of using-tmst, portable motion capture tools for the
guantitative assessment of sequential 'reachgrasp’ and repetitive 'fingetapping’ movements in
neurologically intact and deficpgopulations, both in clinical and neslinical settings. The research
extends the capabilities of an existing optoelectronic postural sway assessment tool (PSAT) into a
more general Boxed Infrared Gross Kinematic Assessment Tool (BIGKAT) to evaluatsilprehe
control of hand movements outside the laboratory environment. The contributions of this work
include the validation of BIGKAT against a {sig motion capture system (Optotrak) for accuracy

and precision in tracking kinematic data. BIGKAT was suba#y applied to kinematically resolve
prehensile movements, where concurrent recordings with Optotrak demonstrate similar statistically
significant results for five kinematic measures, two spatial measures (Maximum Grip AgeM@A,

Peak Velocitg PV and three temporal measures (Movement TiqIT, Time to MGA TMGA, Time

to PV¢ TPV). Regression analysis further establishes a strong relationship between BIGKAT and
Optotrak, with nearly unity slope and lowintercept values. Results showed reliapkrformance of

BIGKAT and its ability to produce similar statistically significant results as Optotrak.

BIGKAT was also applied to quantitatively assess bradykinesia in Parkinson's patients during finger
tapping movements. The system demonstrated sigaificdifferences between PD patients and

healthy controls in key kinematic measures, paving the way for potential clinical applications.

The study characterized kinematic differences in prehensile control in different sensory environments
using a Virtual &ality head mounted display and finger tracking system (the Leap Motion),
emphasizing the importance of sensory information during hand movements. This highlighted the role

of hand vision and haptic feedback during initial and final phases of prehensilenment trajectory.

The research also explored markess pose estimation using deep learning tools, specifically
DeepLabCut (DLC), for reachgrasp tracking. Despite challenges posed by CQVldnitations on
data collection, the study showed promisa Bcaling reaching and grasping components but

highlighted the need for diverse datasets to resolve kinematic differences accurately.

To facilitate the assessment of prehension activities, an Event Detection Tool (EDT) was developed,
providing temporal mesures for reaction time, reaching time, transport time, and movement time
during object grasping and manipulation. Though initial pilot data was limited, the EDT holds potential

for insights into disease progression and movement disorder severity.



Overall,this work contributes to the advancement of lexest, portable solutions for quantitatively
assessing uppdimb movements, demonstrating the potential for wider clinical use and guiding

future research in the field of human movement analysis.
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Chapter 1

1.1 Introduction
People suffering from neurological diseases sucRakinson diseas®D), stroke,Multiple Sclerosis

(MS and spinal cord injury exhibit loss of sensory and motor functions, in turn affecting individual
functional abilitiesfine and gross motor control, balance aperformance of activities of daily living

[1], [2]. Reachindo-grasp (prehension) is a universal human skill underlying numerous activities of
daily living. Prehension entails coordinated and controlled movement oh#mel towards a target

object in order to grasp it successfulB}, [4]. Proficiency requires visual feedback of target position,

an adequate motor plan, coordination of the arm and hand movements, and the use of online
feedback to correct trajectory errors when necessary. Such controlled and coordinated movement
functionally depends on various factors like object intrinsic and extrinsic propésiicaffordances
provided by the object6], purpose of the aatin to be performed after graspiri@], and sensorimotor
constraints, and is fundamental to motor development and acquiring an astonishing number of motor
skills. As a source of interaction with the environment, early childhood is embarked upon witimggar

new motor skills, and at the same time, infants with limited finetor and grasping skills are at high

risk of autism8]¢[10]. Deficits in motor behaviour reduce quality of life with increased depece

and impair everyday functioning. Similarly, later adulthood shows a natural decline in motor
performance[11], [12] Standardied clinical assessment methods are used by neurologists to
determine the severity of chronic diseases (such as PD or MS). These involve patients being instructed
to perform certain taskaunder the observation of a neurologjsivho scores their performance
Changes in amplitudspeed,and rhythm regularity, for example, are observed in finger tapping for

t I NJAYyaz2yQa LI GASyGa dtayfidardizedtaling schlésé.ds e MoG@enNR A y 3
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subjective[13]¢[15], making it difficult for the clinicians to access subtle changes in the movement

visually.

Subjective evaluation may result in inaccurate diagnosis and rough quantifigdfprand also

 88854aY8Syi KSIQgAte NBEASE 2 to@étotynidimphighents arl E LIS NJ

progressive decline in motor functio$3]. Therefore, it is critical and of prime importance to the
neurologists/researchers to understand how movensmfold such thathey can model behaviours,
measure individual or group differences, quantify the degree of impairment, or track changes across

time or as a result of an interventidt], [16], [17]
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1.2Motivation
Commercially available optical motion capture systems can accurately and precisely represent digital

patterns of a captured movement, thus making it possible to digitally infer clinical assessments using
rigorous mathematical analysis. With the widespread availability oclost and higkresolution video
camera, together with creditcard sized computer and emerging computational techniques,
researcherscan explore lowcost alternativeswith which human uper-arm movementcan be
measured, analysed, and interpreted. Recent decades have witnessed the emergence of digital
sensing and tracking technologies such as accelerometers, gyroscopes, smartphones/digitized tablets,
virtual reality, as well as markérased and markefless computer vision techniques. These evolving
technological developments offer promising ways for clinical assessments that can be configured in
practice. Their significance lies also in reducing cost, enhancing portability to assess misviemen
naturalistic settings, enabling measurements of activities of daily living (ADL) and offers flexibility in
terms of assessment practices being followed in clinics. So, digitally presenting the patterns of reach
to-grasp movement and its componentsasguantifiable objectould supplementhe observational
approaches used by neurologists. This furthyeensthe broader scope of investigation whether these
sensing technologies could be used for tracking and representing complex movement trajectories as
well as clinical assessment of symptomatic movement abnormalities and pattachscorporated

into clinical protocols for successful and timely intervention

Highend optoelectronic motion capture systearavailable in laboratories are somewhat not
applicable in clinical practice in terms of their practicalities and motor assessment possifif#jes
Thesesystemge.g.Optotrak, ViconQualisys, Xsengist to name a fejaretreated as goldstandard
to accurately and reliablgvaluae the spatiotemporal characteristiasf humanmovementand to
validatenew technologiess well[19], [20] Unfortunately,the gold-standard necessiatesexpensive
3D motion capture systems, arah expertis requiredto calibrate,collect,and interpretthe datato
addressa multitude of neurological and gadisorders henceimiting its clinical usdue to highcosts
of running tests and delays in the availabilityegults[21], [22] All of which do not occur with other
clinical testsfor exampleneurologistwhile rating the performance of timébased testssuch @&
repetitively tapping index finger against thumb or touchthgir nose withtheir finger or reachto-
graspto-transport handmovements do not necessarily need implement protocols required for

motion capture systems

Pastdecades have seen dramatic advancement in technology in both hardware and software domains
making it possible for data to be accurately acquired, procesapilly and efficiently, and then
evaluated using modelling, statistical analysis, and artifictalligence techniques. Therefore, it is

imperative that technological advancements in the healthcare sector be incorporated by addressing
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the aforementioned issuesdowever,there are several concerns that need to be addressed when
understanding these tectologies and their clinical significance. It is not enough to just look at the
performance characteristics of these technologies, such as their accuracy and reliability, as these do
not necessarily align with the clinical needs of a particular scenarioe¥ample, a person with
Parkinson's disease may require a different type of movement tracking than someone who is simply
trying to track their daily steps. The goal is to understand the complex relationship between the
technical aspects of body trackingida clinical needs, in order to fully appreciate their clinical
significanceLiteratureindicates various instrumentation and computational techniques employed for
investigating movement abnormalities for neurological deficit individuals, but those measuts

need to be validated against higind markerbased motion captursystems.

Thedevelopment of digital sensing and tracking technologies such as accelerometers, gyroscopes,
smartphones/digitized tablets, and virtual reality has made it possibleguentify human arm
movement and interpret the data using mathematical analysis. These technologies offeposbw
alternatives to expensive 3D motion capture systems and provide flexibility in assessing movements
in naturalistic settings. However, it is impant to understand that the performance characteristics of
these technologieandto understand the complex relationship between the technical aspects of body
tracking and clinical needs. Highd optoelectronic motion capture systems available in labaiato

are still considered the gold standard for accurately and reliably evaluating the spatiotemporal
characteristics of human movement, but their high cost and need for expertise limit their clinical use.
The goal is t@xploretechnological advancementboth in terms of lowcost hardware and open
source softwareand their potentiakole in studyingsequential and repetitiviuman arm movement

by extractingobjective kinematic measureghile addressing concerns and validating measurements

against higkend motion capture systems.

1.3Aims and Objectives

1.3.1Aim
The aim of this thesis is to investigate the feasibility of usingdost portable motion capture tools

to take objective kinematic measurements of hand movements outside the laboratory environment

to facilitate diagnosis and evaluation of motor impairnen

To do this, the research presented here focuses on three promising areas-obdpwmnotion capture
(optoelectronic markers, hanttacking systems developed for virtual reality and machine vision) and

considers their use for capturing kinematics imot@ommon tasks associated with studying motor
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1.3.20bjectives
The project's objectives are shown below, and they describe the steps that must be performed to

accanplish theaim. The starting point for this enquiry will be an optoelectronic motion capture
system previously developed at the University of Leeds called the Postural Sway Assessment Tool
(PSAT)PSAT is an optical motion capture system asds two infrared diodes (IREQ) measure

postural sway(presented in detail in Chapter 3 secti8r)

1) Evaluate the suitability of the PSAT optoelectronic marker tracking system for use in measuring

hand kinematics by:

1.1 Extending the existing PSAT sysietm a Boxed Infrared Gross Kinematic Assessment Tool
(BIGKAT) capable of capturing and analysing kinematic data related to hand and arm

movements

1.2 Benchmarking the new BIGKAT system against an existing gold standard for motion capture
(Optotrak) to determine the working volume in which BIGKAT provides an acceptable level

of precision and accuracy; and

1.3 Validating the new BIGKAT system by comparing it with an existing gold standard for motion

capture (Optotrak) when measuring r&ato-grasp and fingestapping activities.

2) Investigate three alternatives to optdectronic marker tracking for quantifying prehension

actions:
2.1 Leap Motion: hand tracking technology used to perform prehension tasks in virtual reality.

2.2 DeepLabCut;: a machine learning algorithmrfarkerlessmotion tracking from recorded

video by using sample videos as a training set; and

2.3 An Event Detection Kit designed and developed as part of this thesis that detects the timing

of different phases of prehensicarctivities based on an object being grasped and moved.

1.5Summary and Structue the report
The contents of the thesis are organized as follaws areoutlined inFigurel:

Chapter lintroduces the background arte motivationsregardingthe project. The aims and

objectivesare defined,and the contribution®f the thesis argresented.

Chapter 2presents the literature background of the technologies being used to ssedyential

(reachto-grasp and repetitive (finger tappingihovementsn laboratory and nodaboratory settings.



And presents the need of developing kmest, portable, and eadp-use optical motion capture

system.

Chapter3 introduces the Postural Sway Assessment TB8IATYleveloped in prior research at the
University ofLeeds andliscusses its development into BIGKAT (the Boxed Infrared Gross Kinematic
Assessment Tool), a systerapable of tracking reaeto-grasp movements. The spatial and temporal

resolution and effective workspace of the BIGKAT system are evaluated.

Chapter 4 benchmarksBIGKAT performance against Optotraedotion captue system during
prehension task$o determine the relationship between spatiotemporal measum@stained from

both devices.

Chapter 5 compares BIGKAT performanagainst Optotrak motion capture systeduring finger
tapping(FT)task a clinical exarto rate severity of bradykinesta (12 Ay @SaidA3rdS . LDY!

in clinical settings

Chapter6 explores the potential ohtegrating Leap motion and virtual reality determine the effect
of absences of sensory feedback on prehension gleffermed in virtual environments with different

sensing modalities

Chapter 7 focuseson training adeeplearning basedeural network modetonsisting of reacio-
grasp videos obtained from BIGKAT without the use of optoelectronic madkevsluateits paential

usage in analysingnseenand markefessreachto-grasp videos.

Chapter8introducesa novel kit, Event Detection KEDT)for the temporal assessment séquential
reachto-graspto-transport movements to investigatevhether we even need amarkerbased

tracking systenfor diagnostic purposes.

Chapter9 summarizeshe work andpresents the conclusiorabtainedfrom this study Furthermore

future work and challenges are also highlied.
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Chapter 2Literature Review
This chapter evaluates the viability and advantages of studying #ieagfasp movements, as it is a

fundamental human ability that underpins many daily actions, with adost, portable, and user
friendly optical motion capture system that may be utiiser body monitoring and analysis to infer
specific neurological illness state. Prehension (or reaaefrasp movement) is the process of moving
the hand in a coordinated and controlled manner toward a target object in order to successfully grasp
it. Prelension act as a source of interaction with the environment and early childhood is embarked
upon with learning new motor skills, and at the same time, infants with limited fine and grasping skills
are at high rislof motor deficits inadulthood[8], [9]. Deficis in motor behaviourseduce quality of

life with increased dependence and impairs everyday functioning. Similarly, later adulthood
experience natural decline in motor performani@. Hence, focus of this thedis on evaluating the
spatiotemporal characteristics of prehensile skills exhibited by healthy and neurological deficit
L2 Lddzf F GA2ya o6t Nl AYyaz2yQad RA&ASEF&AS YR adzZ GALX S {C

Observing prehensile act display coordinationvibetn its constituent components, reaching and
transport component, to form a new complex in which transport and grasp component are
constrained spatiotemporally. Speed and accuracy of prehensile movement varies with respect to the
task in hand (relates tthe object and purpose of the movemer] and sensorimotor constraints
(related to the person performing the tasg}3] This chapter highlights and review the technology
being used to study plensile skills and advancements being made in technologies that can

potentially be used to study prehensile skills.

HOM ¢KS LYLERNIFYOS 2F az2i2N) {{Affa Ay (K¢
Multiple Sclerosis.
From infancy through old age, ageingé&en as a multidimensional process causing social, physical,

cognitive and emotional changes to occur, and fortunately, most humans develop at simild2ddtes

[27]. Analysing and quantifying such predictable processes helps us to understand the framework
behind how different developmental stages are linked togethed &ow developmental changes
across time are associated with enhancing capabilities and acquiring new skills which-asesbemnt

at birth [28]. Throughout the life span, the ceatrnervous system (CNS) plays an important role in
controlling movements by processing sensory information about both the environment and limb
positions, while utilizing this information to plan and execute single, and/or guoittis movements
successfull[29], [30] Such remarkable control over movemestart developing in the early months

of life e.g. infants can focus on small objects and reach out to grasp them witlitsirlve months

and by three years of age they have developed enough control over grip that they can use lines to

represent objecboundarieq31], [32]



The ability of the CNS to learn motor behaviours is remarkable but unfortunately such motor
behaviours are prone to impairment due to neural defi¢88], [34] inaccuwate and noisy sensory
information[35], [36] aging37], [38] and motor dysfunctiofi39], [40] Hunan daily activities which
determine quality of life demand the display of complex motor skills over a variety of tasks. Motor
skills are related to the body movements involving small or large sets of muscles acting on bony
structure to carry out goatllireded actions and these skills are broadly classified in literature as fine
motor skills and gross motor skilfsl]. Actions such as crawling, running, walking involves maintaining
postural stability with coordinated movement of extrémas and are classified as gross motor abilities,
whereas actions involving dexterous movements are classified as fine motor skills such as reaching
movements, putting a key into ho[d2], [43] Fine and gross motor skills both work in coordination
and impairment of one influences the othgt4]. So, a better understanding of such skills requires
assessment and quantification of movements made in achieving a specific control action like reaching
for and grasping an objeand the underlying mechanisms for different control strategies involved in

a successful movement or one at risk of movement problem. Quantitatively analysing such adaptive
processes of growth, maintenance and regulation of loss provide insightful detaitseotor control

development trajectory and/or identifying one at a risk of movement prob|a8j, [45], [46]

Degradation of motor skills occur in adulthood as a result of physical changes caused by
YSAdZNPRSISYSNIGAGBS RA&ASIFASA fA1S tIFN)yARERPEEOA RAAS
agedependent disorders (degenerative nerve diseases) progressively affect activities of daily living
(ADL) involving fine and gross motor movements, limiting functional indig®e and quality of life.
Furthermore, thesare chronimeurodegenerativaliseases that currently have no cure, but there are
treatments available that can help manage symptoms and slow down the degenerative process to
some extentln Parkinson's diseastr example, medicatiosuch as levodopa and dopamine agonists
can help control the motor symptomssuch as tremors, stiffness, and slowness of movement.
However, these treatments do not slow down the underlying degenerative process of the disease.
While there is currently no cure for Parkinson's disease or multiple sclerosis, ongoing research is
focused on developing new therapies that can slow down or halt the degenerative process of these

diseases.

In clinics, the measurement of motor dysfunction oftetties on several qualitative assessment tools
developed to determine motor performance across a range of actijiigl [45], [47] Each tool has

its own benefits and limitations anglrovides different outcome measures, but they have particularly
been developed to maintain the independence and quality of life of individuals suffering from
neurological disorders. For this purpose, several questiondmeed assessments have been

devebped for assessing fine and gross motor control across different sets of activities in clinical
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populations[48], [49] by helping neurologists identifying motor control deficits in childidi, [51]
Similarly, numerous outcome measures have been developed to clinically diagnose and evaluate
upper lmb dysfunction in older adults suffering from neurological disorders. For example, one well
documented clinical rating scale defined by the Movement Disorder Society (MDS) is the Unified
t F NJAYAa2y Q& 5A &St -AUBDRS) wded foyfae bfadykideseveriyally {visually

examining motor and nomotor symptomg14]. Such qualitative forms of assessment depend on a

Ot AYAOAIYyQa SELISNASYOS yR KAAkKSNI FoAftAdGe G2

considerable interater variability[15], [52] These tools are limited in their ability to investigate
underlying movement components and how they are organized spatially or tempor#iigyagrovide

absolute and subjective measures and draw normative comparigans[47]

ho2SOGABS YR a48adSYFGAO OKINYOGSNRAI-toANY 22T LR
YR NBLIS AN NDSY @ AYABNYSyia KFr@S t2y3 0SSy (2LIAO0

These types of movementseaoften studied in the fields of biomechanics, neuroscience, and motor
control, among others. Optoelectronic and wearable motion capture systems are two commonly used
methods to study these movements. Optoelectronic systems use cameras to track therpesiti
orientation of markers placed on the body or objects, while wearable systems use sensors attached
to the body. Other methods used in laboratory settings to study movement include electromyography
(EMG), force sensors, and eye tracking. Optoeleatreystems are more accurate but require a
controlled environment and are more expensive, while wearable systems are more portable but may

be less accurate and have limitations.

Specifically, these methods evaluate the spatiotemporal measures like positidnvelocity of
limbs/joints involved in achieving specific actions by tracking the movement trajectories and
therefore, interpret outcome measures such as successful reaching and grasping of an object. These
methods have enunciated the patterns and outo® measures for a healthy control and have shown

the ability to discriminate healthy control from people with neurologically deficits by characterising
the particular forms of clinical movement disorders. Such methods are laboratory specific, expensive
and require a great degree of technical support thereby undermining their use in clinical
environments. Hence, potential exploration of objectively measuring sequential, repetitive, and
simultaneous movements will not only contribute towards our fundamentatlarstanding of
movement patterns of a healthy human. Such methods also augment the observational approaches
used by experts by providing them with kinematic measures aiding diagnostic assessments of
movement abnormalities (e.g., bradykinesia) and treatmpianning of clinical conditions such as

t F NJAYyaz2yQa RAaASI&aST vYdzZ GALX S alOf SNraia oaf{o0x
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2.2 Motoric Assessment of PD and MS patients
Neurological conditions lead towards abnormal features of movements such as decreased movement

YF3AYyAGdzRSET LINRf2y3aASR Y2@0SYSyid GAYSEI RSOUSNRARZ2NI GAY
for everyday tasks. For example, PD patients exhibit impairments in the organization of sequential
WNBo-BKI 4LJQ Y20SYSyd RAA&LX Iuwidy ffahspartic@npondnea@dlBmasry (i & LJS
grip aperture during grasping phase, in a common everyday practice. Whilst motor deterioration
exhibited by patients with neurological conditions such as MS, PD may significantly vary and produce
condition-specific pattens. Hence, he ability to quantify characterise and/or assefine and gross

motor movements provide a powerful tool for identifying adults and children with neurological and

motoric development deficitand considered as important element for effectsl@ical intervention

[25].

HPHDOM tIFN]JAYyazyQa 5AaSIHas

LYy MymMtI WFHYSa tIN)JAyazy FANBG RSAONROSR t I NJAy:
0KS { KI 1[b83} this is thd s&adrid most common neurodegenerative disorder and a leading

cause of disability and death worldwi4]. PD is growing exponentially worldwide and is estimated

to have already affected more than 6 million individuals. At this growth rate the number of individuals

with PD is likely to have doubled by 2(86], [56] as shown ifrigure2. Middle-aged and older adults

are those predominantly affected by PD. A matmlysis of the worldwide data conducted by
Pringsheim et al. byge group, geographic location and sex; showed a rising prevalence of 1903 per
100,000 in individuals older than age 80, prevalence of 1601 per 100,000 in individuals from North
America, Europe, and Australia, compared with 646 individuals 70 to 79 yeah®wl Asia, and

prevalence of 41 in females and 134 per 100,000 in males for individuals 50 to 59 years old,
respectivel\{57]. The average age for the onset of Platis middleage, so, early signs and symptoms

are often misattributed to ageing or other movement disord¢&8]. Predominant signs and

symptoms emerge ding older age and at present no cure exists. As the global population ages, the

future burden will probably be higher and it is, therefore, crucial to facilitate clinical diagnosis by
202S0GA@St e YSIadzNAy3a t I N AYa?2 yoession and ReNRIYE ot { 0

personalized therapeutic strategi¢s9].
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Figure2: Estimated and Projected Number of Individuals with Parkinson Disease209@0Sources: Global Burden of
Disease Study (1990 and 2015) and projections based on published and public sources

PD is characterized by both motor and ametor symptoms which affect individual functional abilities

and cause people difficulties in performing daily life activities. PD consists of four characteristic
movement disorders such as bradykinesia, rest tremuarscular rigidity and postural instability (later

in the course of disease). In addition, other early features of PD such as small and cramped handwriting
(micrographia), reduced degree of facial expression (hypomimia) can be observed. These motor
symptams can vary between individuals and some PD patients with unilateral parkinsonism with
severe dysfunction in mesocortical dopamine system more rapidly develop bilateral parkinsonism
[60], [61] ard the side initially affected remain more symptomatic. Bradykinesia is regarded as one of
the leading cardinal symptoms of PD and is defined as the slowness of movement with decrements in
speed and amplitude during repetitive performar{é2]. Bradykinesia is the fundamental movement
abnormality and is central for diagnosis and monitoring. Abnormalities of fine motor control
evidenced as slowness of body movements are among the first signs of motor impairment in PD
patients. PD patients lack the ability to organize sequential, simultaseand repetitive movement

and take longer than when the same movements are performed in isolation. In clinics, bradykinesia is
usually assessed by observing repetitive hand and leg movements such as finger and toe tapping, hand
opening/closing over a ckin time. These visual assessments are carried out by a physician, whose

diagnostic accuracy clearly depends on his/her experience.

2.2.2 Multiple Sclerosis (MS)
MS is a chronic, progressive neurological disorder associated with reduce mobility andrfahcti

abilities with severe hand dexterity impairments in people with MS (PwMS). MS is growing worldwide

and is estimated to have already affected 2.8 million people and global prevalence is 35.9 per 100,000
people as of 202063]. Young adults between 20 and 40 years old get affected by MS with mean
diagnostic ageof 32 years[63]. It is a neurodegenerative disorder manifeg sensorimotor
deterioration, impaired coordination, fatigue, tremor, and muscle weakness, hence, significantly
AYLI OQGAYy3 AYRAQDARIDZ taQ lFoAfAGe (2 LISNF2NY | OGAQ

actions such as reachifg-grasp. MSaffects multiple functional systems including arm and hand

11



dysfunction and nearly 66% of PwWMS have ugdjpab motoric dysfunctiorj64]. Recent studies have
reported that this deterioration of arm and hand functionality is increasingtpgnized and reported

by PWMS, even in the early stages of the disease. With the passage of time steady deterioration occurs
and the disease enters a progressive phase, as reported in a study where 50% of 205 PwMS showed
upper limb impairment and was sificant in the group with progressive disedé®]. Likewise, 76%

of 219 patents showed impaired manual dexterity measured using Mok Peg Test (9HP[BS]

i.e., a simple tdss like moving an object gets considerably compromised in PwMS.

2.3 Clinical Assessment of Movement Disorders

2.3.1 Bradykinesi@aPD patients
In most cases, severity of bradykinesia is estimated by a qualified expert based on clinical rating scales

defineR 08 GKS a2@0SYSyid 5Aa2NRSNJ {20ASG& o6as5{0 aLry
(MDSUPDRSYp7]. Part Il of MD&JPDRS, Motor Examinatichaplel), provides guidelines that the
investigatord K2 dzZf R G NJ S gKI G @e2dz aSS¢3 G KSNSGehtg NS Of A
subjective[52], [68] making it difficult for the clinicians to detect subtle changes in the movement
visually[69]. To establish a diagnosis of PD, out of several diagnostic methods, a finger tapping task is
widely used to assess fine motor bradykinesia by observing repeated tapping of the index finger on

the thumb as quickly as possible and at maximal extent (distance between finger and tléTinb)

Tablel: Movement Disorder Society revision of the Unified PD Ratalg @DSJDPRS) Item 3dFinger Tapping

Score Description
0 ¢ Normal No Problem
1 ¢ Slight Any of the following

a) Regular rhythm broken with-2 interruptions
b) Slight slowing
c) Amplitude decrement near the end of 10 taps
2 ¢ Mild Any of thefollowing
a) 3-5interruptions
b) Mild slowing
c) Amplitude decreases midway
3¢ Moderate Any of the following
a) More than 5 interruptions or at least one long freeze in the movemen
b) Moderate slowing
c) The amplitude decrement starting after thé& ap
4 ¢ Severe Cannot or can only barely perform the task because of slowing, interruptions
decrements.

Physicians visually analyse and rate motor performance with scores ranging from O to 4, where 0

corresponds to no symptoms, and 4 means severe bradykinbgiabserving decreasing speed,
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amplitude decrement or rhythm losses (increased number of hesitations/freezes) as movements are
continued. MDSJPDRS scale has four components, with a total of 50 questions and requires the rater
to consolidate his/her judment into a single composite score. In contrast, the Modified Bradykinesia
Rating Scale (MBRS) accesses each FT feature sepgaldlyl] and rates it from 0 to 4Table2).

These scales inherently possess several limitations. Firstly, qualitative clinical assessment of
bradykinesa and score assignmentqd) with considerable interater variability and subjective
evaluation may result in inaccurate diagnosis and rough quantificd@®h Secondly, assessment
KSI gate NBtASaE 2y GKS OtAyAOAlyQa SELISNASYyOS |
progressive decline in motor functions in PD progres$g@) and UPDRS has limitedsolution as

subtle motor signs can easily be mis§ed]. Thirdly, it cannot be used as a monitoring tool as it needs

to be scoed by an expert, which requires regular visits to a neurologist, making it difficult for PD
patients to use it at home. The need for lmest, portable, easyo-use, and quantitative assessment

tool is critical in overcoming these potential limitations dhd associated disadvantages of subjective

evaluation.

Table2: The Modified Bradykinesia Rating Scale (MBRS)

Score Speed Amplitude Rhythm
0 Normal Normal Regular, no arrests or pauses in the
ongoing movement.

1 Mild slowing Mild reduction in amplitude in later Mild impairment, up to two brief arrests
performance, most movements close to in the 10s; none lasting >1 s
normal

2 Moderate Moderate, reduction in amplitude visible earl Moderate, 3¢ 4 arrestsin 10 s; 1 or 2

slowing in performance but continuet® maintain 50% lasting > 1 s

through most of the tasks.

3 Severe slowing  Severe, less than 50% amplitude through mc Severe, 5 or more arrests/10 seconds;
of the task more than 2 lasting > 1s

4 Can barely Can barely perform the task Can barely perform the task

perform the task

2.3.2 Clinical assessment of PWMS
Performance based evaluations provide qualitative and quantitatieasares based on perceived

and actual performance, respectively. Participants complete perceived performance questionnaires
(ABILHAND, AMSEF) designed to examine difficulties while using their upper limbs during activities

of daily living (ADL[Y1]¢[73]. These questionnaires can differentiate healthy controls from PwMS for
example, but do not provide detailed kinematic analysis, thereby, making it difficult to interpret the

subtle changes due to intervention or disease progrespgidh To evaluate upper limb perforamce
guantitatively, clinicians use range of manual dexterity assessment tools likeHdleePeg Test

(NHPT), the Purdue Pegboard Test, Box and Block test, and the Action Research Arm Test (ARAT), each
reporting Multiple Sclerosis (MS) disease state areltask specific. These tools are being used in

clinical practice and PWMS reseafd?], [75K[77]® hdzi 2F GKAOKZ -dilt MRIANRG |
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and is the most widely used manual dexterity tool. NHPT provide timed base outcome measures by
measuring the time taken by the participant to gasp test items (pegs) from the container, one by one,
and inserted into the holes and then removing and placing pegs back to the container but NHPT cannot

be used to measure severe upper extremity impairmgai.

One of the most common and widely used outcome measures in clinical examination is the expanded
disability status scale (EDSS). It is-®@at scaleranging from 1 to 10, to assess disability in MS and

to measure how functional movements are limited by WW8]j® { O2NAyYy3 Aa ol aSR
knowledge and expertise, andwer score by and large reflects a measurement of impairment rather
than disability. Whereas high score predominately reflects disability to perform activities of daily living
such as bulbar function (swallowing, chewing, and speaking) and upper limbofurfotiaching,
grasping and manipulating object§j9]. EDSS, in essence, is a form of quantified neurologic
examination but it is known to have considerable inter artdainater variability[80], [81]and lacks
cognition aspect of the disease, thus not a perfect tool for assessing disease progression. To overcome
limitations associated with EDSS, an international task force develope@ autcome measure, the
multiple sclerosis functional composite (MSFC), expanding clinical dimensions to include leg and arm
function, cognition, and visual function. Three performance tests were finalized and included in MSFC
to provide a composite-gcole: NHPT for arm function, timed 26ot walk test (TWT) for leg function

and pseudeauditory serial addition test (PASAT) for cognition function. TWT and NHPT performance
is measured in seconds whereas PASAT is measured in the number of correct andweesoaerall

z-score is calculated for a single MSFC score result. Thus, MSFC provides a powerful tool to apply
parametric statistics for the analysis, on the other hand, EDSS grades abnormalities on an ordinal scale.

Despite this fact, EDSS is still@amenon use in clinical trials and neurologic examination as well.

Such standard tests do not provide fine movement details such as how
sequential/repetitive/simultaneous movements are organized and how their spatiotemporal
characteristics get affected bys#iase progression such as the wide range of symptoms manifested in
MS. To determine the efficacy of such standardized scales requires large numbers of participants to
participate in clinical trials to demonstrate the effects with acceptable levels of pf82¢rOver the

years, technological development in the field of motion capture systems and instrumentation
techniques has furthered our ability to kinematically analyse and quantify motor impairment of arm
function. The Next section discusses the technologsed systems by used in literature for MS
research regarding upper limb function and in the context of clinical assessment of bradykinesia as

well.
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2.4 Quantitative Assessment of Movement Disorders
One of the key motivations for accurate and precise assessment of motor dysfunction is to augment

the observational methods employed by experts during clinical assessment. Another key motivation
for objectively assessing motor abilities is to investighgintervention approaches, treatment
effectiveness, and, making clinical trials shorter and cost effective by reducing the sample size and

allowing quantitative and repeatable motor performance.

2.4.1 Bradykinesia
NI RE{TAYSaAl RA Yabiityta geSoiim fine/motbryfaBks #hil ¢adzestdifliculties with

repetitive movements, so, quantifying bradykinesia indicates the severity of PD experienced by an
individual. Furthermore, quantitative information would provide neurologists with more useful
information while differentiating between early and advanced PD symptoms, drug dose adjustment

and/or as a screening between PD or other motor syndromes.

Okuno et al. measured single FT interval, average FT amplitude, and velocity usingatigo 3
piezoeékctric accelerometer and a pair of touch sensor. His findings showed kinematic variations as
expected such that FT velocity and amplitude decreased with higher UPDRS score and similarly,
irregularity between single FT interval for higher UPDRS $88}eBut, Dunnewold et al. calculated
number of taps in 30s using two or three piezoresistive uniaxial accelerometer and found a low

correlation with the UPDRS sc§4].

Quantitative assessment done by movement sensors (acceleromgysscopesmagnetometers)
reports significant differences between patients and healthy controls and found high correlation with
UPDRS sucore on FT tasf83]¢[87] but it remains to be seen whether they have clinical utility.
Optical motion capture systems based on {oast cameras and cfhe-shelf components can provide
comparable quantitative measures and can overcome the eiicance, high cost and transport
issues of commercially available optoelectronic systems. Literature suggests that expert neurologists
prioritise progressive decrement in amplitude over changes in rhythm regularity or tapping frequency
and pay less attentioto speed while assigning a UPDRS d@&j Thus, analysis of FT movement via
low-cost optical motion capture system may produce more significant results than by movement
sensors. As movement sensors are subject to errors and drift over time due to factors such as sensor
noise, temperature chargs and other environmental factof89]¢[91]. This can result in inaccuracies

in the data collected by movement sensors. Only one study has reported the use-cdsbwotion
capture system using passive markers and affiéiated parkinsonian subjects from healthy control

by extracting average opening velocity and amplitude decrement from 3D positional HB@latut

this study suffers from many limitatns such as, firstly, that it does not compare its findings with the
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UPDRS FT score by experts, secondly, results are not validated against any research grade motion

capture system and thirdly, this system can only work with two reflective markers.

IntodayQa +F3S 2F LINBOA&A2Y YR LISNER2YFf AT SR YSRAOAYS
monitoring have increased the need for new, loast, portable and accessible technologies to

facilitate exact and objective measurement of bradykinesia. Tagndistic ability of new methods in

being able to correctly detect or exclude PD should be determined by comparing the results with the
reference standard, UPDRS, and also with the objective measures obtained through high grade
optoelectronic systems, so &, it can support irclinic and athome assessment throughout PD

progression.

2.4.2 Quantitative assessment of MS
Laboratory based motion capture systems provide accurate, precise, and reliable tracking of kinematic

landmarks involved in functional taskach as 9HPT and ARAT involving upper limb mainly reaching,
grasping and manipulate objects. Literature suggests the use of single inertial sensor on the wrist
during the execution of ARAT clinical test and calculated time taken to complete the who@nsatju
movement and its stlsomponents (reaching, grasping, manipulating, release and ref@2h) Their
proposed method was able to discriminate healthy individuals from MS group and was able to detect
subtle changes tferentiating impairment levels within MS patients as well. This study showed that
reaching, manipulation and release phases of the movement were more compromised, thus, making
it difficult for MS patients to perform activities of daily living. Despitesthéacts, this method only
provides temporal measures whereas spatial measures such as grip profile (fingers opening/closing)
during grasping phase could provide a useful insight into coordinated-foinitimovement and can
NBE@SHt LI A SysiFdrsuck kidSnafictmeaurel, ®Fein€kds to attach more than one
inertial sensor on fingers and thumb or an instrumented glove, thereby, significantly impacting patient
performance by adding additional weight. For example, 40 MS patients with EDS®-3came a
sensor engineered glove to measure repetitive finger opposition movement of thumb to index,
medium, ring and little finger and were able to independently distinguish between MS and healthy
controls[93]. Their proposednethod showed low correlation between glove parameters and clinical
variables (EDSS: ™ @MSFC:i 1@ X 9HPT:I ™@ ), suggesting that parameters

calculated by sensegngineered glove cannot be taken as a substitute for the climealsures.

A similar study exploiting the use of a sensagineered glove to determine the finger impairments

in older adults with MS found a significant relationship between finger motor performance and global
disability [94]. They found that PwWMS mostly show impaired bimanual coordination, increased

movement time for complex tasks to perform accurate movements i.e., change in adopted strategy

for slightly better accuracy and integrating sensory informato plan sequential movements, as was
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also found in studies analysing kinematic performance during planar reachin@<g©9]. There is
scientific evidence showing change in movement stratef@®@} [100] adaptation to task constraints
[37], [38], [101&[103], increased variability during fine movements such as tracing, handwriting and
drawing movement$46], [94], [104¢[106] and difficulties during muHjoint coordinated movement
[107]c[111].

An electromyogaphy (EMG) system in conjunction with a planar robotic manipulandum have also
been used to record the activity of 15 upper body muscles while participants perform emuttre
reaching movements in four different mechanical environmg8t, [98] Participants controlled a
cursor on a computescreen by grasping and moving the handle of the planar robotic manipulandum
in eight equidistant directions from a central target which lasted about 2 hours and output 2D
kinematic data. They found, in accordance with previous styditz], [113] that MS subjects moved
slower and have distorted (less smooth and less accurate) movement trajectories and revealed
different muscle activation p&rns in MS subjects. Other studies have also analysed 2D planar
reaching movements using a digitized taljtet 3], tracing tasks using smartphone bagéi4], [115]

and centre-out reaching movement using robotic manipuland{8s], [99], [116]and targetto-target
pointing task as wellL17]. 2D kinematic assessment revealed significant differences between able
bodied and MS subjects. Oth#nan simple reaching movements, studies have also investigated
manipulative task components such as reackimgraspto-pickto-insert virtual pegs into holes using

a commercial haptic display and extracted kinematic (smoothness, speed) and dynamieteasam
(grip force)[112], [118] as shown inFigure 3. These studies presented the effectiveness and
usefulness of using ereffectors as assessment tools to provide gmaint kinematics and most
studies have validated objectivetjuantified outcome measures with clinical standardized tests in

observational studies but their usage in clinical practice is still to be known.

Figure3: MS patients performing virtual peg insertion test. The setwoisposed of haptic device, an instrumented handle
and a virtual reality environmerit12].
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Other than 2D kinematic assessments techniques, literature presents 3D detailed kinematic analysis
of lower limb during gait in PwWMS to assess the gait deterioration and are well described (for a detailed
review se€/119]¢[121]). While literature on kinematic analysis of changes in upper limb movement
as a result of MS during gedirected movement is scant. Despite thmportant role of upper limb

during gait, few studies offer the potential usage of laboratbaged opteelectronic systems to track
upper limb movement during gait but these have found out moderate relationship between upper
and lower limb impairmenf122]¢[124]. Only small set of studies have used optical motion capture
systems to study spatitemporal characteristics of upper limb in MS patiefit25]c[127], shovn in
Figure4. Such setups provide good quality data but their use in clinical settings is limited due to the
cost of acquiring commercial motion capture systems, tieed for expertise to acquire and analyse

data, the time required to setup the system and the large amount of dedicated space required.
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Figure4: Schematic diagram of experimental setup using motion capture system to recckdrsimovemenfl126].

An intriguing alternative stifto such expensive camera systems is the availability of much cheaper
cameras such as Microsoft Kinect and Raspberry Pi neredréNolR) cameras. The Raspberry Pi NoIR
cameras in particular are much cheaper and can record high resolution videosrah@sfsecond.

By using infraed filter and active markers, such cameras can only record marker movement
irrespective of surrounding objects i.e., clinical paraphernalia and clutter. They can be controlled with
a lowcost Raspberry Pi microcomputer and ébiger with tacking algorithm it can provide three
dimensional data of kinematic landmarks i.e., markers attached to the body parts. It provides a far less
expensive alternative to the elaborate optical motion capture setups. Only the mosthigymotion
capture systems are portable, whereas microcompttased systems can be very compact, making
them suitable for easy deployment in a larger range of scenarios i.e., laboratory anthboratory

settings.
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In summary, a variety of sensing technologies anerently being used in laboratory settings to study
upper limb motor dysfunction associated with MS. Almost every study in the literature presents
guantitative assessment method for upper limb reaching movements using a single inertial sensor on
the wrig [92], [128], [129] sensofengineered glovg93], [94] EMG to study muscle activation
patterns [65], robotic manipulandum for centreut reaching task in different mechaail
environments[97]¢[99], [116], digitized tablets for copying and tracing tag{d43]c[115], goal
directed reaching task in virtual environmditl2], [118]and highend optoelectronic systerfl22]c

[125], [125], [130]Although there are various ways thapper armmonitoring and analysis might be
used to infe specific neurological illness statédmwever, the practical implementation of these
assessments remains a profoundly excitoigllenge Studying reaching movements to grasp and
manipulate objects can reveal underlying movement patterns for PwWMS akingaout to grab a cup

of coffee is one example of the most frequent and basic activitipng with gripping and
manipulating other everyday obijects. It highlights the importance of studying prehension owing to its

importance in activities of daily living.

2.5 Prehension
Prehension is a set of actions involving reaching for and grasping of objects and is treated as two

separate, yet coordinated, components. The reaching action is the movement of a hand from its
current location towards the object, and theagping action is anticipating opening and closing of the
fingers and thumb as the hand approaches the object to be graf3dd. To executehese actions,

the nervous system chooses particular movement patterns and these observed movement patterns
are stereotypical and adapt against changing conditions and obstrudiidn§l01] The reaching
movement involves proximal joints and sule groups to guide the hand towards the point
determined by the information available from the visual system. Similarly, grasping actions involve
distal joints and muscle groups to increase and decrease intra digit aperture as perceived by the visual

sydem [38].

Successful reaching and grasping tieggiinformation about the object distance from the body and

the size of the object, respectively, and such information is available from the visual system. The visual
system is used to extract intrinsic properties (Size, shape, colour) therefrom prepadradjusting

grasp component and similarly, to extract extrinsic properties (object distance and orientation) to
guide hand towards targgfi31]. In the absence of sensory information, prehensile movements show
systematic biases, signifying the importance of online sensory information to guide the hand until it
makes contact with the objedtl32]¢[134]. And in order for the grasping action to be completed

successfully, information about fingers position and object contact pasrasfficienf135]¢[137]
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2.5.10rganization of prehensile movement
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to adapt hand movements according to the physical properties of the object to be grasped and the
goal of the prehension tagk], [101] Jeannerod kinematically analysed prehension movements, and
proposed a visuanotor channel hypothesis for transport and grasping components, and concluded
that these two components are relatiyeindependent, yet impose temporal constraints on each
other [138] . In a prehension task, typically the hand moves from its current position towards the
object and the index finger and thumb open up more thaa width of the object during reaching and
GKSy Of2aS (G2 3INIraLl GKS 2-digd §portud occufs i B tinfeldyfdidda @St ;
called movement time (MT) and Jeannerod found that these two components are temporally coupled
to each other a maximum grip aperture (MGA) occurs at 75% of MT which is also the beginning point
of low-velocity final phase and he also found consistency in the duration of low velocity [t&ide

He found that MT and MGA remain more or less constant, irrespective of different object distances,
but peak wrist velocity (PV) increases with object distance (extrinsic properties) and grip aperture
changes wth object size (intrinsic propertiegl31], [138]and therefore, both reackand grasp

components are different from each other and are independent.

Jakobson and Goodale also found that there is spatial coupling between the two components. They
co-varied object size and object distance and recorded grip aperture and hand moveanehfsund

that object size does affect the transport component and similarly, the grasp component gets affected
by object distance causing MGA to occur later in the moverfi81]. Increasing object size shows an
increase in PV magnitude and time to peak velocity (TPV), as large objects patial accuracy
demands while permitting a faster movement and the hand open up to a larger MGA. Similarly
increasing object distance from the participant increases MGA magnitude and time to[MGJA

[140]. Different sized targets also produced uniquely shaped hand trajectories representing task
specific variations in the timing structure of reatthigrasp[141]. These two prehensileomponents,

reaching and grasping, seem to be coupled functionally and temporally.

The results of Van de kamp and Zaal & Bofit#2], [143]suggest that prehension must be treated

as a composite behaviour not as an alternative approach proposed by Smeets and Biddhar

which they sggested prehension as two separate aiming movements being controlled by the tip of

the thumb and finger. Van de kanjf43] observed that the effect of providing perturbation and
OKIyaAay3a GKS SyR LRaAGAZ2Y 2F 2yS 2F GKS RAIAGE vy

kinematics of the other digit.

Figureb shows a stereotypical and replicable reach to grasp movement, which is described by tracking

the position of key anatomical features over time taken by the subject and ditiated to provide a
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speed profile and kinematic landmarks like peaks of wrist velocity and grip aperture with their time of
occurrence as welFigure5a shows thathe hand position starts from zero and reaches for a target

of width 50mm placed at a distance of 450mm dfigure5b&c shows a kinematic profile of hand
velocity and gp size during hand transportation. These features allow quantification of reach
grasp movements and provide instantaneous snapshots of the hand kinematics at discrete points in
time, enabling irdepth analysis by exploiting spatiotemporal charactéstThese kinematic features
offered by the stereotypical nature of hand movements pave the way towards investigating the
fundamental activities and exploring dimensions of motor control quantitatively. By far these features
have been extensively investigd by the researchers and have brought useful insights into the

strategies employed by the CNS in the control of skilled activities.
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Figure5: Kinematic hand profiles during reatdrgrasp movement. a) hand position from 0 to 450mm, b) Grip size as a
function of task with maximum grigperture greater than width of object (50mm), c) Hand velocity as it approaches the
target with clear peak Jecity.
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2.5.2Factors affecting prehensile movement
Reachingo-grasp (prehension) is a universal human skill underlying numerous activitiesydivilag).

Prehension entails coordinated and controlled movement of the hand towards a target object in order
to grasp it successfullyg], [4]. Proficiency requires visualddback of target position, an adequate
motor plan, coordination of the arm and hand movements, and the use of online feedback to correct
trajectory errors when necessary. Such controlled and coordinated movement functionally depends
on various factors lik object intrinsic and extrinsic properti§s], affordances provided by the object
[6], the purpose of the action to be performed after grasp[iyy and the person completing the

movement.

Task consaints
Task constraints alter prehensile components quantitatively and may constrain temporal and/or

spatial coordination between prehensile components e.g., Mdiliiams et al. investigated
gualitative and guantitative aspects of prehension across vartagks (reaclo-graspto-lift objects

with slow, normal and fast movements with and without touching the table) and found that spatial
and temporal characteristics could be predicted from task constraints where movement duration can
be predicted from theobject properties (object distance, grasp surface and object §iZ&). But,

such instructional constraints inflict coordinated and controlled prehension movement, given the

speed/timing constraint of sensaniotor integration.

Since kinematics of reagb-grasp movements are highly stereotypical in nature, though controlled
relatively independently, they change lawfully as a function of the task and the properties of the object
[5], [145] Figure 6 shows the experimental setup determining how Spatial and temporal
characteristics of prehensile movements varies with respect to the task constraints such that transport
component get effected by the object distce causing PV to increase as well as causing PV to occur
later in the movement; similarly, large grasp size lowers spatial accuracy demands while permitting a
faster movement and hand opens up to a larger MGA and smaller grasping size demands higher

predsion during grasping pha$4], [139], [141]

22



Experiment 1a and 1b Experiment 2 Experiment 3

A C] A. @ A. @
B B. B.
C. 5.5cm c. C
Thumb Surface Finger Surface
Thumb Finger
Surface Surface
5cm 5cm

9.2cm

/' 3.2em . Finger Surface Thumb Surface

Figure6: Three Experimental Setup determining the effect of task constraints on the duration oftoegresp movements
to objects with asymmetric contract surfaces (experiment 1), and when the olgsagnasped with the thumb on top and
finger underneathin experiment 2 whist the opposite was the case for Experimptjt 3

In literature, several studies have analysed prehensile movement and its underlying control
mechanisms by covarying object size and distdfhé6], [141] around obstaclef5], [101] the effect

of grasping type$146], [147] perturbation studies when object location or size wetmnged at
movement onsef148], [149] changes to target texturd50] and object orientatiof151].

Sensorimotor constraints
Absence of sensory information causes prehensile movements to occur differently, and abnormal

ASYaz2NAY202NI AYydSaANIGA2Y EGSNI Y2(G2NJ O2yGNRBf & KA
limiting his/her abilities to perform activities of daily tig. PD patients lacks the ability of organizing
sequential and simultaneous movement and took longer than movements performed in isolation
[152]. Similarly, patients with degenerative cerebral disorders displays abnormalities in all
components of prehesile movement (transport: increased path curvature, variable wrist velocity
profiles, slower movement; Grasp: multiple peaks, increased grip aperture) and impaired coordination
as well[17], [153] as shown ifrigure7. For example, Lu et al., investigated the role of attention during
reachto-grasp movement in 70 subjects (Controls: 24, PD:46) and found that PD patients were slow,
rely on visual feedback and require focused attentibB4]. According to the kinematic examination

of grasping movements in PD, hamde-shaping and the maximurgrip apertureare delayed in
comparison to agenatched controls, and PD patients start to close their hand nfateinthan healthy
controls[155], [156] Additionally, compared to the actions of controls with neurologically healthy

brains, the timing and amplitude of the maximal hand opening op&fiznts are less responsive to
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object sizg157]. These traits are noteworthy because they may lead to improper treatment of the

target objects.

reach-to-grasp

Figure 7: lllustration of the experimental task determining the impairments of prehension kinematics in patients with
cerebellar degeneratiofi7].

Anothersignificant source of feedblds thehaptic information gained after grabbing an objeBy
gradually distorting thénaptic feedbackeceived when gripping visible target objedigon-Williams

and Bingham investigatetthe haptic calibration of reach distance. The visual targets were produced
using a mirror arrangement, and participants stretched out to grasp virtual cylinder targeedipda

three different distances. The 'haptic' targets might then move gradually closer or farther to produce
distorted haptic sensation at each of the multiple target positiortsey found that when calibration

(use of error to improve performance) is@lled, participants produced normal prehensile behaviour
for virtual visible targets. Alterations are produced by the provision of feedback and are not cognitively
invasive[135]. Consistent with this, Coats et al., investigated the presence of haptic feedback during
grasping phase and explored the post adaptation effects by subtracting the results from the pre
adaptation trials to demonstrate calibration effects when particigamere exposed to the distorted
haptic feedback or otherwise. They found that distorted reach distance and grasp size information
showed predictable shift in reaching distance and grip aperture size, respectively. Hence, participants
calibrate reach and gsp components independently of one another when reaching for virtual targets

under distorted visual and haptic feedbd&j.

Reachto-grasp motions can be challenging to perform successfully when sensory feedback is absent
or poorly integated with motor control.Studies investigated reach and the grasp components while

movements were made in virtual environments (VES) with the provision of haptic or visual feedback.
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Characteristics of reach and grasp components were altered when comiuatieel movement made
in a physical environmertLl58], [159]and showed the importance of eywand coordnation and

highlighted the need of online corrections as well.

These studies inform us that both prehensile components are controlled on the basis of sensory
information and are not only tied to extrinsic and intrinsic object properties but also depend on
affordances provided by the object, task constraints and sensorimotor constraints. More recently, it

has been recognized that there is a third component to fully describe the action in this manier

orientation of the hand151]® +ly . SNHSYy S It adaA3aSadisSR GKI
YFGOKAY3IQ GFal Ay 6KAOK (GKS 202S00 @Spue@KJ 6 RSTA
(formed between thumb and finger) are mapped onto each other. In this account, prehension involves
moving the origin of the grasp vector towards the object vector (the transport component), altering

the magnitude of the vector (the grasp componeand matching object vector orientation (the

orientation component)6], [151}]

2.6 Biomechanics of Human Hand and Arm
The biomechanics of the human haadd arm play a crucial role in both fine motor movements

(precise, intricate tasks) and gross motor movements (larger, more gemeralimvements).
Following describghe biomechanics of the arm and hand in the context of these two types of

movements:

2.6.1Fine Motor Movements
Fine motor movements involve precise control and coordination of muscles to perform intricate tasks.

The follaving biomechanical aspects contribute to fine motor control:

Hand StructureThe human hand is uniquely structured with opposable thumbs and a high
degree of mobility in the fingers. The thumb's opposition allows for grasping objects and

performing delicaé manipulations.

Precision GripFine motor tasks often require a precision grip, where the object is held
between the fingertips and the pad of the thumb. This grip utilizes the muscles of the fingers

and thumb to exert delicate forces and manipulate abgewith accuracy.

Intrinsic Hand Muscleshe intrinsic muscles of the hand, located within the palm, provide
precise control of finger movements. These muscles allow for fine adjustments in grip and

finger motions, enabling tasks such as writing, typargylaying musical instruments.

Fine Motor Control Centresthe brain's motor control centres, such as the primary motor

cortex and cerebellum, regulate and coordinate the muscle activity needed for fine motor
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movements. These regions receive sensory feelt and send commands to activate specific

muscles with the required force and timing.

2.6.2Gross Motor Movements
Gross motor movements involve larger muscle groups and coordinate actions to perform more

generalized movements. The following biomecharésglects are relevant to gross motor control:

Joint Mobility: The arm's joints, particularly the shoulder and elbow, provide a wide range of
motion necessary for gross motor movements. The shoulder joint'saheisocket structure

allows for movements imultiple planes, facilitating actions like throwing or swinging.

Muscle Power and Strengti®ross motor movements often require more force production
and muscular strength. Larger muscles, such as the deltoids, pectoralis major, and triceps

brachii, generte the necessary power for actions like lifting heavy objects, pushing, or pulling.

Coordination of Muscle Group$ross motor movements involve coordinated actions of

multiple muscle groups working together. Agonist and antagonist muscles must work in
hamony to produce smooth and controlled movements. For example, during a throwing
motion, the muscles of the shoulder, elbow, and forearm work in sequence to generate and

transfer force.

Proprioception and Balanc&ross motor movements rely on proprioceiteedback, which
helps maintain balance and coordinate movements. Proprioceptors located in muscles,
tendons, and joints provide information about limb position, muscle length, and joint angles,

allowing for adjustments in posture and movement control.

Erergy ExpenditureGross motor movements require greater energy expenditure compared
to fine motor movements due to the involvement of larger muscle groups and increased force

production.

Understanding the biomechanics of the human arm and hand in the gbotdine and gross motor
movements provides insights into the mechanics, muscle coordination, and control mechanisms
involved in performing various tasks. This knowledge is valuable in fields such as rehabilitation, sports

training, ergonomics, and theedign of assistive technologies.

2.7 Motion Capture Systems
Motion capture systems, that track and record movement using sensors, are widely used in many

diverse field such as medicdl60], [161] entertainment[162], sports[163], animation[164] and
virtual/augmented reality{165]. Motion capture system generally involve capturing human motion

while performing tasks and then quantifying this performaifigl [160] In terms of health services
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such systems have the potential to improve patient care (by monitoring progress between
YSRAOIFIGA2ya0s RAIF3Iy2aS Y20SYSyi RA&A2NRSNE 60o6¢& |d
disease (PDkinematic analysis of readb-grasp movements for multiple sclerosis (MS) etc.) and how

motion behaviour relates to disease formation (differentiating between different form of movement
disorders: Ataxia/Parkinsonism/Essential tremor/Huntington dised46€p], [166], [167] Thus,

motion capture systems convey information about how someone or something moves by employing

a large variety of sensors such as inertial sensors, potentiometer, magnetometers or an array of
cameras while returning positional da¢aD or 3D) and/or three dimensional orientati¢t], [160],

[168], [169]

Quantitative assessment tools are critical in overcoming potential limitations (stated in previous
section) and the disadvantages associated with subjective evaluation. There are a number of sensing
technologies currently being used in laboratory and +elporatory settings capable of capturing the
movements of the hands and they differ in terms of methodologies, movement analysis techniques,
computer vision interpretation of 2D or 3D camera system, instrumentation and signal processing
techniques. Based ahe sensory technologies being used in these systems, they fall into the following
categories: digitized tablets; wearable sensors; optical; computer vision; virtual reality; machine

learning.

2.7.1 Digitized tablets
With the advancement of digitizing li&es, it has become possible for researchers to quantify fine

motor skills by recording hand eqmbint movement (x/gcoordinates) during handwriting, copying,

tracing and setpaced drawing activitiefl70], [171] Kinematic measures obtained through stylus

position data evalates handwriting and drawing quality. Culmer et al., developed a platform to
investigate human motor control by measuring the guuint movement of the hand during tracing

and copying taskpt5] as siown in Figure8. This kinematic assessment tool (KAT) employs touch
ASYaAridAodS AONBSy 2F | GFLofSiz NBO2NRA Lspatdi A OA LIy
metrics measuring path length and path accuracy by analysing positional data of handheld stylus
through the trajectory length. They tested twelve healthy controls on copying and tracing task to
compare the movement of preferred and ngmeferred rand and found significant differences

between task and hand. Since 2009, the KAT system, as part of the Born in Bradford (BiB) project, has
YFAyte& 06SSy dzaSR Fa Iy AYLRNIIyG (22t G2 FaasSaa
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been adapted by replacing the stylus with a joystick, incorporating shoulder and elbow joint

movement, to investigate matic deficits in children with cerebral palgl72]. As for older adults,

Smits et al. recorded pen tip trajectories during graphical tasks (tracing geometric figure and
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handwriting) performed by PD patients and healthy controls using a graphic tablet and a modified
digitizer pen[46]. This showed thaParkinson disease®D) patients were significantly slower than

healthy controls due to bradykinesia and this was mexriglent in a writing task than tracing tasks.
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Figure8: Four examples of trials implemented in Kinematic Assessment Tool (KAT). a) Handwriting tracing b) handwriting
copying c) figure of 8 tracing d) jumping d45].

2.7.2 Wearable Sensors
Commonly used wearable sensors and devices that objectively measure and analyse movement
include accelerometers, gyroscopes, and magnetometers, collectigdrred to as inertial sensors.
Inertial sensors capture movement by measuring and converting the reaction forces (acceleration)
due to an acting muscular force into a proportional electrical signal which is then processed to extract
different features, describing the severity of neurological disordgt73], [174] A triaxial
accelerometer based system used by Stamatakis et al. showed good predictive performance while
extracting 18 different parameters describing fingapping and identifying most relevant features in
the prediction of MDSUPDRS scoll85]. Gyroscopes, also known as angular rate sensors, measure
angular velocity and are used to detectieatation changes of the object they are attached to.
Wearable gyroscopes attached to both forearms measuring bradykinesia in two separate studies,
where participants were instructed to perform 17 typical daily activities md® protocol and for a
period of X5hr during theirdaily activities, found significant correlation iof ) av & Q

¥ owith MDSUPDRS subscore, respectivgéB6]. Four performance irides derived from
gyrosensor attached to the index finger only, showed significant differences between patients and
controls and were also found to be statistically correlated with clinical sgore T @ € T T
[87]. KAT systemshown inFigure9, measured fine motor skills and to incorporate gross motor
measurement itwasadapted withaccelerometer and gyroscope sens@#Tx, XSens, Netherlands)

to investigate posturadwayduringfine motor tasksand in different viewing condition&8].
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Figure9: Schematic measuring head movement using Xsens tracker and centre of pressure medsusgrgedintendo
WiiFit balance boarfL75].

Combinations of accelerometers, magnetometers and gyroscopes have also been used to provide
more reliable results by reconstructing hand and finger ement called PowerGlove system but
require extensive anatomical calibration procedure determining a settssegment coordinate
system for every patiertL76]. It is not an optimal solution due to the sensor noises combined with a
twofold integration to calculate the displacements, yielding inaccurate results and is not adaptable to
different hand sizef83], [89]

As these sstems do not measure position and orientation explicitly, instead obtaining them by the
integration of linear acceleration and angular velocity which leads to error accumulation over time as
shown inFigurel0[177]. Inertial systems are unable to directly measure the absolute position but
relative displacement between parts of the same body as the actor must weaxraskeleton or a

glove made up of bend sensors or potentiometers measuring joint angles and extefisiehg179]
Magnetometers are so sensitive that they easily pick up electromagnetic noise as well as the presence
of ferrous objects in the tracking area which distorts measurement data and it is necessary to
compensate when tracking large areas, therefore, sytimust be calibrated before setting up every

experiment[180], [181]
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FigurelQ: The wearable sensors (grey boxes, whttir sensor frames) placed on the head and thorax with their anatomical
segment frames (X,y,z) defined from the functional calibration and the reference frame [, ¥],Z)

2.7.3 Computewision
With recent advancements in computer vision systems, smartplmsed movement analysis

techniques are being currently employed to extract information from images or videos. Wong et al.
have used videos from an integrated smartphone camera to assddd R&@ 1 Ay SaAiAl Ay
patients. Randomly selected frames from these videos were used to train a model, the output of which
was refined, segmented and then converted into an optical flow field to calculate the instantaneous
speed at each point, in ta providing a metric of overall hand movemdaB2] as shown irFigure

11. This method disaminates between patients and healthy controls with an estimated test accuracy

of 0.8 using Support Vector Machine and with an estimated test accuracy of 0.67 using Naive Bayes
model[183]. But this technique showed low correlation values between UPDRS score on a participant

level, therefore each video had to be treated as an independent sample.
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Figurell: Data processing in whicraw video is converted to an anonymous 1D time series. Raw video is first segmented
using a convolutional neural network. The segmentation is refined using the grabcut method-biyritamae movement of
the hand is extracted irgg optical flon[182].
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Another study extracting finger tapping information from the videos of 13 PD patients and 6 healthy

controls discriminated between both groups with an accuracy of 95%, bujuinel inclusion of the
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participants face such that face detection could be used to approximate hand pd4&iéh Williams

et al. investigated bradykinesig/ lsecording FT movement of 39 PD patients and 30 controls using a
smartphone camergb2]. They used a deep learning tool, DeepLabCut, to track kinematic landmarks
from the videos (framéoy-frame) by an already trained neural network from randomly selected 20
frames of the video itself, and output thumind fingertip pixel coordinates throughout the videxs

shown inFigurel2. Objective measures such as speed, amplitude and rhythm were extracted from
normalized fingr-thumb distance, and they found good correlation with clinical ratings done by 22
movement disorder neurologists. The computer vision methods described above inherently possess
some limitations as they only use one camera which can only capture 2D motidmace they lack

an absolute measure of hand opening/closing and any hand rotation during movement would falsely

alter an amplitude measuremeffs2].

i

Figurel2: Example video frames taken from smartphone video labelled by DeepLabCut for different kinematic landmarks
[52].

2.7.4 Optical motion capture systes
Multi-camera systems are more accurate motion tracking systems with the ability of resolving

movement in 3D. Optoelectronic systems are the most widely used motion capture systems within
experimental settings, but they require a large space, heavyliagtan and an expert to operate it

thus increasing its operational costameras detect the position of light emitters or reflectors
(markers) placed on the hand (or other body part depending on the task). Passive systems (e.g., Vicon
MX and Qualisys) asireless reflective markers to bounce light back to cameras. Active systems (e.g.,
NDI Optotrak) use wired strobing light emitters. Whilst both types of system can be used to accurately
measure wholebody movement, they are expensive, lack portabilitg aequire a degree of technical
support thereby restricting them to laboratorig90], [91], [185] Therefore, their use is limited to

those participants who are able and willing to be tested in laboratory settings, meaning large scale
assessment in clinical or educational settings are lacking. These optical motion capture systems are
highly accurate and capable of tracking markers over wide ranges tmslinetre accuracy with high
frequency sampling (Optotrak 3020: 3500Hz, accura@mf; Vicon vintage: 2000Hz, accuracy
0.2mm; Qualisys Oqus 10,000 Hz, accuracy 0.6fd@)], [163], [186], [187] Studies using
commercially available high end motion capture systems have demonstrated that spatiotemporal

characteristics changes as a function of task constraints and can significantly discriminate patients
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from healthy controlg3], [4], [38] Depending on the intended application of use e.g., to study upper
limb movement, it does not necessarily require large measurement volumes, which in turn permits
simpler and cheaper solutions. Hence, a motiapture system based on legost cameras and off
the-shelf components that can provide comparable quantitative measures would help clinicians to
overcome encumbrance, high cost and transport issues of commercially available optoelectronic

systems which atsrequire relatively large amounts of space.

Flatters et al. developed an optical motion capture system usinghefghelf products from the
Nintendo Wii platform, the WiiMote controller, particularly for postural sway measurement. The
WiiMote controllercontains a stereo pair of infrared cameras which can track up to four infrared
emitting diodes (IREDs) at 60Hz, with anboard data processing facility to resolve each IRED into
3D space using calibration techniques. The WiiMote controller is relatil@iycost and
communicates with a computer wirelessly over Bluetooffigure 13 shows lowcost, portable,
wireless motion capture system was developed to measure #amovements concurrently with

data collection from the WiiFit Balance board which measured postural stadilifyand was also
incorporated with the KAT to simultaneously measure fine and gross motor aljied hese studies
assess manual dexterity and postural control development throughout childhood and the system was
deployed in schools to measure head, hand and postural control abilities in chitddéiferent age
groups and suggested ndimear progression of the developmental progress from unskilled to skilled
behaviour. In these studies, WiiMote controller was used to track one IRED mounted on the head
strap and its positional data was validateabainst the angular data obtained through an

accelerometer and gyroscopél].
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Figure13: A threedimensional motion capture system developed using a pair of Ninetendo Wii controllers and stereo
triangulated to get the position of IR in threémensional spacptl].

Only one study has reported the use ofvtcost, portable motion capture system using passive
markers as showrkigure 14 and differentiated parkinsonian subjects from healthy control by
extracting average mening velocity and amplitude decrement from 3D positional FT §20&
However, this study does not compare its findings with the UPDRS FT score by experts, and its results

are not validagéd against any research grade motion capture system.

Figurel4: Motion capture systendeveloped using commodity hardware being ukedinger tappingmovements made by
PD patientg90].

The field of view (FOV) of any optical motion capture system determines its spatial accuracy and
measurement resolution which in turn depends on the experimental setupber of cameras, and

the overlapping field of views determined by cameras position and orientation from each[@8&)r

Due to this inherent trad®ff, motion capture systems can be optimized with respect to the intended
application of use. Previously developed optical motion capturéesys based on WiiMotelerived

technology like the one mentioneabove required small measurement volume to measure head
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movement with one IRED and in contrast, Hay et al. tested WiiMote for large measurement volume
to determine the pose of a static objeldt89], WiiMote systems have been used in virtual reality (VR),
augmented reality (AR), entertainment and gaming applications when operating over large volumes
[188], [190], [191] They have shown comparable pmrhance to those obtained from expensive
system using similar testing methods measuring static jitter of one IRED and the distance between
two markers. But these studies do not discuss accuracy and precision of detected marker position if
placed at the mamum range of WiiMote controller i.e., 5m, as accuracy and precision decreases by
increasing the marker distance from the camera. One major drawback of using WiiMote controllers is
they have to be placed relatively far away to cover larger trackingvoltzS G2 G KS OF YSNI Q
field of view (42 horizontally and 32vertically) i.e. much space is required or increasing the number

of synchronized camerd$92]. Also, camera images cannot be accessed directly, therefore, with on
board data processing facility it outputs reahe positional data of maximum of four IREDs with no

provision of offline dad processing.

¢t2 20SNO2YS (GKS 2AiAaz2iSQa ftAYAOlGlFI(GA2yaZ LYYSNBRAD
Leeds developed a new lesost, portable, easyo-use optical motion capture system and is basically

a continuation of postural sway assessmerntltdeveloped by Flatters et ft1]. Figurel5shows the

new optical motion capture system which was developed usinghefshelf products fromthe

Raspberry Pi platform, an infrared Raspberry Pi camera (the PiNoIR) provides large field of view of
approximately 62.2horizontally and 48 Bvertically[193]which can be easily connected to Raspberry

Pi controller and programmed using python libraries to capture and record videosold purpose

was to measure postural sway using two IREDs and referred as Postural Sway Assessment Tool (PSAT).
PSAT comprises of two raspberry PiNoIR cameras, each connected to its own controller (Pi 3 Model B)
and both controllers communicate with eaéht K SNJ & dzOK G KFd 062GK OF YSNI &
movement simultaneously. This thesis expands the existing work that had already been undertaken

on the PSAT system. Next chapter 3 describes the PSAT system in detail and investigates it limitations
and strength to study more complex movements such as reaefprasp movement with potential

usage for laboratory and nelaboratory settings.

Figurel5: Postural Sway Assessment Tool (PSAT) developed using two PiNoIR camerasciwlien@era is controlled by
Raspberry Pi microcomputer
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2.7.5 Machine learning markerless human pose estimation
Optical motion capture systems generally involve markers @rgdaemitters or reflectors) to be

FGdaGgr OKSR 2y GKS LI NJrksQuhdedl syudyQ d aids xhg &ndlysis jprocest byy RY
accurately tracking and triangulating markers in 3D sgaed], [163] Depending on the task and
participant, markers introduce additional constraints, by restricting independent movement and can
get occluded, forcing the participant to perform unnatural movements to keep the IREDs in view of
the cameras. This can make it difficult to assess the underlying severity of movement didfders
[23], [163] In contrast, markeless motion capture systems track objects being moved in its FOV by
detecting features like size, centroid etc. and then matching them to some predefined model, to
obtain full tracking datd194], [195] Both markeitbased and markeless motion capture system
requires extensive programming to build software, and expertise in hardware design, 433l
[196], [197] With recent advances in new machine learning tools called deep neural networks, trained
network automatically estimates imponta landmarks from images have been extracted from videos
[198]c[200] and even cell phone vided201]. Figurel6 shows the procedure of using DeeplLabCut
(DLC) toolbox to extract frames, labelling framesining a deep neural network and then the trained

network is used to extract the location of landmarks from unseen vif2@3).

DeeplLabCut: markerless tracking toolbox

a b Label features in frames c Train DNN
Extract characteristic
frames to label
ResNet-50

(pretrained
on ImageNet)
Apply to datasets: use trained network to predict labels

—

Deconvolutional
layers

Figurel6: shows the workflovior using the DeepLabCut toolbf200].

It can be seen that cameras are an integral part of such systems, and their frame rate determines the
temporal resolution at which movement is recorded. Readvances in machine learning has further
reduced hardware barriers such that inexpensive smartphone camera can also be used for detailed
movement analysi$201], but only provides 2D pixel coordinates. Literature reports deep learning
tools being used for nomvasive, marketess and quantitativebehavioural output of keyoint

locations into 2D and 3D space by employing a single camera and multiple cameras, resp&ggyely
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[199], [202] These tools (DeepLabaubDLC; LEAP Estimates Animal RAsEAP; DeepPoseKiDPK)

are replacing conventional methods of quantifying movement using imégedd methods captured

in a highly controlled laboratory conditiofi94]. These dep learning based motion capture tools are
flexible, allowing users to identify, track and convert important landmarks over time into time series
describing movement but differ in terms of inference speed and robustness (sgmeolacy trade

off) dependingon the neural architecture being us¢t8], [203]

These three behavioural analysis toolboxes, DEBP and DPK are based on machine learning model
called encodedecoder model, allows researchers to automatically estimate subject posture
structural landmarks of the subject under stugyabling them to quantify behaviour, directly from
images or video$198], [203], [204] Each toolbox has its own limitations and benefits, LEAP was
designed for fast inference speed at the expense of accuracy using the SegNet architecture, while DLC
and DPK were designed for accurate tracking with slow inference speed using the ResNatled S

DenseNet architectures, respectivély8], [205]

2.7.6 Virtual Reality
Virtual reality (VR) systems offer an opportunity to study human behaviour by presenting three

dimensional interactive stimuli, whose attributes are apparent through visual and auditory cues, in a
computergenerated environment that allows researchers to coridexperiments outside laboratory
settings. It incorporates mainly auditory and visual feedback of the objects but lacks other important
sensory feedback like haptic and force feedback while interacting with the virtual
environment. Moreover, VR systems &w the precise location of the participant's position and of
their hand in a simulated environment through VR headset and hand controller gripped by the
participant, respectively, but it lacks the ability to precisely measure finger positions and forces
generated during interaction with the virtual objects. Fortunately, modern VR systems allow other
devices like the leap motion to capture raahe hand movements such as opening/closing of hand

or intra-digit aperture and can also provide 3D positional dataach digit during the movement
made.So, VR systems combined with other technologies enable researchers to better understand and
analyse the processes of motor learning and decismaking [206], [207] VR systems are being
deployed widely in a number of applications e.g. medical traif0§], [209]and neurorehabilitation,

where user may need to reach and grasp objects of different sizes and shapes and, depending on the
complexity of the device, its cost and availability, they are pexithaptic feedback of object
properties[210], [211] Recent advances in virtual realitygsgeems have enabled researchers to study
human behaviour by presenting threkmensional interactive stimuli but lack the sensory feedback
important for reachto-grasp movements like hand visual feedback during the reaching movement

and haptic feedback wka grasping object. Such reatrgrasp movements are essential for

36



sensorimotor training in neurorehabilitation and allow researchers to evaluate the effect of sensory
manipulation, perceptual modifications and error augmentation on such training using VR

approaches.

VR has been used to kinematically analyse reach and grasp components with haptic feedback using
wearable gloved212] and without haptic feedback (visual feedback alofi)8]. These studies
suggest that prticipants moved slower and showed longer relative deceleration times both during
reaching and grasping as well as in pointing t§2k8] and took longer to complete a trial than in a
physical environment. Specifically, previcsisidies suggest that the presence of intermittent or
continuous haptic feedback in VEs improved grasfifg], [135], [159put grasping was inaccurate

in the absence of haptic feedbafXl4]and was more prominerguch that the closure phase of reach
to-grasp movement was prolonggti58]. Though aperture scaling was preserved in both virtual and
physical environments and MGA occurred at the same time but was much wider in VE when haptic
feedback was present through haptic glojés9], [212]than without haptic feedbackl58]. So,
wearing haptic gloves affected boteaching and grasping components by decreasing the reaching
velocity and increasing the aperture size, respectively. The prehension literjdtB®$ [215]also

shows that absence of haptic or visual feedback effect existing spatiotemporal characteristics such

that absence of visual feedback increases MGA and causes it to occur relatively earlier.

Another important benefit of using VR to study prehension is the tfaat the third component of
prehension (orientation) can be manipulated by rotating the object during the movement forcing
participants to orient hand accordingly as well as forcing participants to make online corrections by
perturbing the object positiorand above all can be used to design numerous experiments like
affordances and illusions (shape/weight etc) which are difficult to realize in real world. Moreover, VR
systems allow visual stimuli to be displayed in 3D stimulated environment and supptrtalissic
interactions with virtual objects and can provide precise kinematic measures in response to displayed

visual stimuli.

2.8 Summary
Advancements in hardware and software technologies have provided new opportunities for data

acquisition, processa) and analysis in the field of human movement assessment. When it comes to
studying movement abnormalities and assessing human arm movement, various technologies have
emerged as promising tools. These include accelerometers, gyroscopes, smartphoneeddigit
tablets, and virtual reality systeng5], [90], [150], [173[175], [201], [213], [216][218]. These

technologies offer advantages such as eeffectiveness, portability, and the ability to assess
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movements in reaWorld environments. They provide an alternative to expensive and specialized 3D

motion capture systems, making movement analysis more accessible.

However, itis crucial to consider the performance characteristics and limitations of these technologies
in relation to the specific clinical needs of each scenario. Different movement tracking requirements
exist for different clinical conditions or remeh purposes. For example, monitoring daily steps for

activity tracking may not require the same level of accuracy and precision as analysing movement

abnormalities in individuals with neurological deficits

To fully understand the clinical significance of these technologies, it is necessary to establish a
connection between the technical aspects of body tracking and the specific clinical needs. This involves
validating the measurements obtained from these haologies against higand markerbased

motion capture systems, which are considered the gold standard for accurate and reliable evaluation

of human movemenf21], [48], [219]

By exploring and leveraging leswost hardware, opetsource software, and innovative computational
techniques, researchers can extract objective kinematic measures from digital sensing and tracking
technologies However, it is important to validate and compare these measures against established

motion capture systems to ensure their reliability and validity in clinical applications.

2.8.1 Key research areas
Literature highlights the significance of technologiadl/ancements in human movement analysis,

particularly in the context of studying movement abnormalities and assessing human arm movements.
It emphasizes the emergence of various technologies like accelerometers, gyroscopes, smartphones,
and virtual realiy systems as promising tools for movement assessment due to their cost
effectiveness, portability, and ability to assess movements inweald settings. However, it also
cautions the need to consider the performance characteristics and limitations eétteehnologies

in relation to specific clinical needs.

While the literature covers the importance of validating measurements obtained from these
technologies against higbnd motion capture systems to ensure reliability and validity in clinical
applicatians, it does not delve deeper into specific methodologies or approaches for conducting such
validation. Additionally, it lacks a comprehensive discussion of the challenges associated with using
low-cost systems, including potential traedéfs in accuracy ah precision compared to higénd

systems, and how these limitations might impact clinical decisiaking.
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Furthermore, the literature acknowledges the need for technological improvements, such as the
development of lowcost motion capture systems and nrimizing measurement errors, but it does

not delve into current research efforts or the most promising directions in these areas.

The literature highlights the acceptability criteria for l@ast optical motion capture systems in the
context of neurologistsliagnosing or evaluating readb-grasp movements. However, it does not
provide a comprehensive analysis of the existing-tmst systems available on the market or their
performance against the stated criteria. A critical summary would benefit from muooepth
discussions on the statef-the-art low-cost systems, their strengths and limitations, and any specific

challenges in meeting the acceptability criteria for clinical applications.
In summary, the key knowledge/research gaps identified are:

1. Lack ofdetailed methodologies for validating measurements obtained from -dost
technologies against higknd motion capture systems.

2. Inadequate exploration of the challenges and traufés associated with using lewost
systems for clinical applications.

3. Limited discussion on current research efforts and advancements in technological
improvements, such as lewost, portable, and easip-use optical motion capture system for
fine and gross motor measurements.

4. Absence of irdepth analysis and comparison of exigtifbw-cost motion capture systems

against the general acceptability criteria for clinical use.

Addressing these knowledge gaps would provide a more comprehensive understanding of the
potential and limitations of lowcost optical motion capture systems ilinical settings and facilitate

informed decisioamaking for neurologists and researchers.

In summary, while technological advancements have opened new avenues for studying human arm
movement, it is essential to carefully consider the clinical needs atalideasurements, and establish

a clear understanding of the relationship between the technical aspects of body tracking and clinical
significance. The next section describes the general acceptability criteria for the development of
motion capture system tile incorporating advancement is sensing technologies. By addressing these

concerns, we can fully harness the potential of these technologies to improve movement assessment,

diagnosis, and treatment in healthcare.
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2.9 Acceptability Criteria
When considering the acceptability criteria for lmest optical motion capture systems in relation to

neurologists diagnosing or evaluating the performance of redaerasp movements, several factors

should be taken into account. Here are some key d&tty consider:

Accuracy and Precision: The motion capture system should provide accurate and precise
measurements of the reaeto-grasp movements. Neurologists rely on precise data to
evaluate and diagnose motor impairments accurately. The system shaudlow margin

of error and provide reliable and consistent results.

Validity and Reliability: The system should have been validated and tested against established
gold standard methods for motion analysis. It should demonstrate good reliability intexpea
measurements and consistency across different sessions. Neurologists need to trust that the

system'’'s measurements are valid and reliable for clinical use.

Spatial and Temporal Resolution: The system should capture motion with sufficient spatial
and tenrporal resolution. It should be capable of capturing fine details of hand and arm
movements, including joint angles, velocities, and timing. Higher resolution allows for better

assessment of motor control and coordination.

Ease of Use: A leaost motion capure system should be usdriendly and easy to set up and
operate. Neurologists may not have extensive technical expertise in motion capture
technology, so the system should have intuitive software and straightforward calibration

procedures. Ideally, theystem should provide regiilme feedback during data acquisition.

Portability: Portability is essential for practical clinical use. The system should be lightweight,
compact, and easy to transport between different settings, such as clinics or reseasctt lab

should not require a dedicated space or complex installation.

Affordability: As stated, the system should be {oast, making it accessible to a wider range
of clinics and research facilities. The overall cost should include not only the hardwailedout
any necessary software licenses or maintenance fees. The system should offer good value for

the price, considering its performance and features.

Compatibility and Integration: The motion capture system should be compatible with
standardsoftware used by neurologists for analysing movement data. It should allow for data
export in common file formats that can be easily imported into other analysis tools or

integrated with existing clinical workflow.
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Safety and Comfort: The system should pose any safety risks or discomfort to patients
during motion capture sessions. It should not restrict natural movement or cause any adverse

effects. Any necessary markers or sensors should bémasive and easy to apply.

Data Management and Analysi§he system should provide efficient data management
capabilities, including organization, storage, and retrieval of motion capture data. It should
also offer basic analysis tools or integration with external analysis software commonly used

by neurologistdor further processing and interpretation of the data.

By considering these acceptability criteria, neurologists can make informed decisions when selecting
a low-cost optical motion capture system for diagnosing and evaluating the performance ofteach
grasp movements. It's important to note that while lesost systems may have limitations compared

to more expensive alternatives, they can still provide valuable insights and support clinical

assessments when chosen appropriately.
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Chapter3: Low cost, mrtable optical motion capture system

3.1 Introduction
This chapter explores the development of the existing Postural Sway Assessment Tool (PSAT) into a

system capable of tracking prehension movements and benchmarking this system against an existing
well-established system for optical motion capture (Optotrak). PBAT ia low-cost, portable optical

motion tracking systendevelopedusing off the shelf componentspainly Raspberry Pi produgts
housed in a 3D printed casinhe najor goal of this chaptewas to enhance PSQTpotentials by
Ay@SadaAardAay3a AdGa ALk GAFE FyR GSYLERNXf NBa2f dzi A
needed for capturing and analysing sequential/repetitivarfgitaneous movements. It is also
important to assess its aaracy and precision by validating and comparing the kinematic data with
laboratory based optical motion capture system, such as Optotrak, to determine if it is reliable and
consistent. Hence, ensuring that its findings aeesdd on reliable information, kch is crucial for
making accurate conclusions. Such a-tmst, portable, easyo-use optical motion capture system
could be taken outside laboratory settings to schools and clinics, where gross motor abilities
associated with childhood development caa tracked and modelled without compromising data
quality. The next section (3.8gscribe?SAT development (hardware components and user interface)
and its architecture for the processing of stereo images, as well as calibration procedures, that are
necesary to ensure accurate and reliable measurement of postural sway in individuals. Section 3.3
explores the limitation of PSAT system and extends its capabilities firstly focussing on benchmarking
accuracy and the decision to go with opttarkers instead othe off-the-shelf infrared emitting

diodes (IREDs); and secondly on adapting the software to deal with more than two markers and
tracking in varying positions. Henoextending existing PSAT system into a Boxed Infrared Gross
Kinematic Assessment Tool@XAT) to study coordinated and controlled upper limb movement. Two
experiments (methods and results are reported in Sections 3.4 & 3.5, respectively) are performed to
measure spatial and temporal resolution to characterize BIGKAT range that how faadotaately

resolve IRED position, and where in working volume movement should be made.

3.2 PSAT Development
Flatters et al., investigated performance of an expensive inertial s€Xs@nsjo measurethe head

movement concurrently with their Nintendo Whased optical motion capture system, and found that

the optical motion capture system was more capable of producing sensitive data to capture postural
effects under different viewing conditiofl75], [218], [220] Inspired by Flatters et al. work, an
optoelectronic motion capture system was developed using Raspberry Pi products at the University

of Leeds called the Postural Sway Assessment Tool (PSAT)
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PSATracks the movement of two active infrared light emitting diodes (IREDs) by using two infrared
(IR) cameras. Battery powered IREDs are mounted to a set of spectacles worn by the participant 1while
attempting to stand still in front of the cameras, withtheeyes either open or closed. Small swaying
movements are picked up by IREDs and consequently captured by cameras at 60Hz as By in

17. Views from both cameras are then triangulated to produce the 3D movement trajectory of both
IREDs to compute a simple measure of postural sway i.e., pathlength of each IRED and {baimtmid
Larger pathlengths mean greater postural sway and Flatters et al., have showed that pathlength was
greater when participants were instructed to close their eyes and stand still than when eyes were
open[175], [220]

2 x Raspberry Pi NolIR
cameras
Videos recording

Video analysis
X, Y Pixel coordinates

Stereo triangulation
3D positional data

IR point source

Kinematic Analysis
Pathlength
Distance between IRs

//—\

Large pathlength ~

_ greater
" postural sway

Figurel7: PSAT schematic. A thrdenensional motion capture system developmsihg Raspberry Pi products such as two
PiNoIR cameras, two microcomputers and a LCD display. PSAT measures portual swaylayimgaiiysource in 3D space
and then measuring pathlength i.e., distance travelled by IR for the whole duration of movement while participants attempt

to stand still.

3.2.1 Hardware Requirements

Cameras that ardastenough to record every aspect of thaotion of interest and can work together
is essential for the efficient recording and tracking of IREDs movermentder to develop such a
system, capable of resolving subtle changelRiaposition from the information coming from each
pre-calibrated lens demands selection ahigh-resolutioninfra-red cameracapable of recording at
high capture rateand controllers with capabilities of processiagd data communication at higr

speeds.Also, controller holds main responsibilities of gigging cameras, recording, and storing



videos, and displaying re@ime tracking of IREDs movement on graphic user interface-dosiv
Raspberry PiNoIR camera contains a Sony IMX2i€@pixel sensor and has no infied filter giving

the ability to seen the dark with infrared lighting[221]. The camera lens needs to be protected by

an infrared pass filter to block out visible light, which can be accomplished by film from a floppy disc
drive, in order to function with custorespokelREDss shown irFigurel8. PiNoIR cameras has high
sensor resolution 08280 x 2464ixels and can be controlled programmatically to take still pictures
along with il HD videos at different resolution and frequency. Because recording higher spatial
resolution videos decreases the sampling frequency due to inherent camera properties, for example,
PiNoIR can record full HD videos of resolution 1080p, 720p and 64D at 4&mpling frequency of
90Hz, 60Hz and 30Hz respectively. Literature suggests that frequency of 60Hz is sufficient to fully
capture human goatlirected movements[222]. PiNolR provides the option of recording high
resolution videos of 720p at 60Hz and are dowst as well, therefore, PiNoIR camera satisfy our

requirement.

a) GUIbeing displayed on LCD

b)

Inside box:

PiNoOIR 2 x RPi Microcomputer PiNoIR
1 x Power Supply
ethernet for RPi

Figurel8: PSAD#ont (a) and back(b) view showing two Raspberry PiNai&nerasheing connectetb Raspberry Pi
microcomputer contained in the baWaster Pi displays GUI &€D allowing user to insert participant information,
experimetal conditions and recording trials for a certain time duration.
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For correct triangulation and 3D motion tracking, it is essential to use at least two cameras and should
be controlled and programmed to record videos in synchronizaf#28], [224] The secondary
requirement is taselect a lowcost controller to run the PSAT tracking software and to control cameras
are a 64bit computer running 64it windows or a lowcost 64bit microcomputer such as Raspberry

Pi (RPi) running on Raspbi@25]. For two cameras, two RPi microcomputers are required, one for
each camera because a separate controller for each camera guaranteed that the camesaydrt

not share bandwidth and RPi microcomputer has only one port to connect camera via serial interface
(CSI) port.

The main method of interfacing with PSAT software is through a basic graphic user interface (GUI).
Display interface is required to dispgl&UI and to control PSAT. Raspberry Pi provide€D display

which connects to the RPi board through dedicated display serial interface (DSI) connector. It is a plug
and play device with a display resolution of 1920 x 1080 and 60Hz refreq22&ielt is a capacitive

touch LCD and supports multiple finger touch allowing user to manage demographics information and
choose setting$or the recording and triangulation tasks. PSAT software provides three separate tabs
(File, Data Control, Data Processing) in the top left corner of the GUI to control the functionality of the

interface (for further details see section 3.2.3).

In essene, PSAincludes set of bespoke-tmouse IREDs, pair of PiNoIR cameras, touch screen display
to display graphical user interface (GUI), data control datd processing softwaréo be installed on

RPi 3 Model B microcomputer

3.2.2 General Architecture
Figure19 shows general architecture of mastsiave RPicontrollers controllingattached Infrared

cameras and communicating with each otteer ghernet cable, so that, both cameras can work
synchronously and as programmeslave RPi simply controls the right PiNoIR camera as instructed by
the master RPi. After recording slave RPi transfer the captured data to master RPi and then master RPi
saves the recolidgs from both cameras to USB drive attached to master RPi. Python libraries such as
PyQt4, matplotlib, numpy were used to develop GUI enabling user over different PSAT féltures
collecting demographic informatigntime duration and destination foldeto store captured
movement.MasterRPi displays GUI eouch screen display armbntrols the overall working of PSAT

such as storing trial by trial movement data as per demographic information.
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Touch Secreen " N Master . Ethernet N Slave
Display Controller | "l Controller

Figurel9: General architecture of PSAT masdkave controllers connected by Ethernet cable and collecting IRED
information through cameras. User operate PSAT via GUI functionality being display on touch screen

In essence, PSAT records IREDs movement with both asuwerking synchronously for the given

time duration. Each video from master and slave RPi are processed using computer vision techniques
to identify and detect IREDs. These IREDs points from both RPi are stereo triangulated to obtain the
3D position in spce as per the calibration fileBogether, thisystem can take still picture of resolution

3280 x 2464 and record HD videos of resolution 1080p, 720p and 640x480p at 30fps, 60fps and 90fps,
respectively. PSATas programmed to record20p HD videos at 6@ames per secondUsing PSAT

for measuring postural sway, PSAT triangulates the position of two IREDs mounted to each leg of
glasses worn by the participant and calculates the cumulative path Heofjieach IRED and its
midpoint.

3.2.3 User Interface @Backend Communication

Functiondly PSAT is divided into two parts, PSAT GUI and PSAT backend, according to the functions
they perform and user accessibility. Number of routines and subroutines are programmed using
python libraries to execute different functions of GUI and backend asd #ile communication
between them. Figure 20 shows an overview of the PSAT source code files.
WL AGdzNT £/ | Y Y sefdslpd BackéntomnvumitaBng and transfeng IREDs data
between RPiand PSAT.mrontrols GUI along with some data analysis taBksiningPt { ! wilp LI Q
launch PSAT software and it will detect automaticathetherits running on windows or Raspbidh.

Wt { ! & didddDN window, then it will automatically load data analysis programf running on

Rasplanthen it will lead to data collection GUI. Sioacts as arentry point into the PSAT.
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Figure20: PSAT being functionally corird SR 6& (62 YIAYy aONRLIIad WLIadlddzNF €/ FYQPY!Il &
O2y iNRtftAYy3d O2yGNREtSNARA YR Wt {! ¢dpLIRQ RAALI & AYyF2NNIGAZ2Y

Backend functionality such as controlling two cameeasablishing communication between the two

RPis, calibrating cameras to extract extrinsic and intrinsic camera properties and performing data
analysis are control and manageWyt.J2 & ( dzNJ  / I Y g Y Iile.(TRsNidg boStédins gunbed L8 Q
of functions aml classes and is executed on boot on the server RPi and act as an entry point to the
server RPi. This file is also accessed by master RPi as required. Important classes developed in this file

are summarized as follows:

f Class named LJ2 & (i dzNJrebpbrigidé @r communication between two R®iprimarily
over a TCP server and has methods for controlling the cameras to record videos
synchronously. Firstly, TCP server will start on boot and will wait for the connection from
master RPi to start receiving insttions after establishing connection. Subsequently, both
cameras will start recording for a given time duration. After recording, master RPi will ask
server to send over the timestamps files and will check timestamps for any dropped frames.
Afterwards, itwill ask for the recorded video file and will finally close the connection between
the two RPis.

1 WLI2 & (i dadldsds conkidsOa@ge number of methods for different purposes. It processes a
single video file from the master and server RPi by creatirignnss of the class and passing
the location of the video file and the type of file. This class also contains methods for camera
calibration to extract intrinsic (master and slave) and extrinsic (stereo) camera properties,
which are required to process a&ieo file it took. These methods are used for processing video
file to obtain the 2D position of IREDs in an image.

1 Wereo proces®@ Of  4a Aa YdzOK aAYAfFNI G2 WLIRAaddzNT £t N
stereo calibration file tdriangulate the position of IREDs in both cameras to extract the 3D

LR2aAGAZ2Y 2F Lw9s5a® LG GF1Sa GKS WLI2AaGdNI £t NB
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3 array where M is the number of markers and N is the number of frames in a video. Following

AySa 2F O2RS RSAONAOS l%eRo pracek AYHEl 2 F S & LJ2 & (0 dzN.

OOPTYILFYS I' wiSalLwdKuecnQ I 1

LINEPO I LlAa20GdzNY £t NP O
NEO O6QyYTYIlYS I' waSaldLwyaSNIDISNIDFK

LINE OH I LJa20dzNF ft

proc_all_markers = ir_marker.markersanpy (proc.get_ir_markers ())
proc2_all_markers = ir_marker.markers2numpy (proc2.get_ir_markers ())

stereo = stereo_process (proc, proc2)

markers3d = stereo.triangulate_all_get PL (proc_all_markers , proc2_all_markers)

First two lines process video fildem client (master) and server camera by creating two instances of
HosturalProfrlasses and next two lines return dictionaries for each IRED which are then converted

to a numpy array from the function i A NI Y $cial. SabkIBvo lines create ‘ereo_proces®

instance to triangulate IRED positions obtained frggmsturalPro€xlass and then triangulate those

IRED positions and return them as M X N X 3 array. This whole process will leave all the files in the
PSAT working directory on the master RPan appropriate location as managed¥WF A f SYae aid Sy o
YR Ay & iPenigs SRA S W

PSAT® Aa (GKS SydNEB LRAYyOG G2 t{!¢ FyR o6& FFENI A&
the PSAT backend. It containsYéa A y 2 A ¢laR2té @rovi8 (G KS @ ald YlF22NAGe
functionality and relies on QT4 python bindings to execute the script as shokigure21. GUI has

three main windows to collect demographic information, data control and data processidg

ONB I G§SR seff.&reate_dekographics gro@p Wa St FOPONBIF 1 Q¢ Odnd S NI ¢ 3IN
YasSt TOONB I ( S Methada© Sustam ryadeywiiGeEs detré createthin Twidgets.p FAE S

and are imported ifPt { 'Qr ORLARE S ®

P FOSNI dzLJt 2 RAY 3 LI NIAOALI yGQa tAadG FyR AyLlzidAay3d
and condition under which task has to be perform&tyire21), new window Figure22) will appear

la WySEGQ o6dzili2zy A& LINB&&SRO® ekhbuldP8ATIeso&INGr bffing & F 2 N
RFEGlI Fylfeara 2yte W{SYyR zARAMANR IRIAAY a flefaNBil R
option is checked. To avoid delays during data collection and to speed up the process, it is
NEO2YYSYRSR Fiy2R 24yAf S 2028 &2 LUA 2 Y ©
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5 Postural Sway Assessment Tool — X

File | Data Control | Data Processing Mo save directory has been se: Incert 2 USB an

Demographics Options
Forename: Gender: Male -] Time (Seconds): 5

Surname: DOB: DD/MM/YYYY Condition:

D Verify

fe DEmlioned Fhaboe=e ctory has been ssts Insert 2 USE and set the save directory

Triangulation Control

I 1000 M Triangulate Start Preview

Send Video Start Recording

B Process data Back

Camera Preview

PSAT

Figure22: Different control modes for data collection. It provides option whether to just record video or to perform analysis
aswell.

While running PSAT.py on windows, data processing tab shows up on boot and asks user to select the
F2t RSNJ O2ydFAyAy3a NBO2NRSR RIFGF @A W5F4F /2y dN
.h264 within the folder and will automatically shoevery trial under participant ID and viewing

conditions as shown iRigue 23. It provides options taserfor selection of trial$o processand even

some or all othe trials of a participant by clicking the check button as showrigore 23. Pressing

Wt NE O S Buiton Will sfiaft flocessing the selected videos from both eams of a particular trial

and will perform triangulation process to obtain the IRED position in 3D space. Console on the right

hand side will provide a summary of the percentage of missing markers in each trial and time taken to

process each trial.
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:i | Postural Sway Assessment Ta

|| File Dats Control  Data Processing

I Data Processing
| Recorded_data Console | Markers
I [ Select All
V' Participant: AAtkinson Select the data you wish to process from the list in the left panel.
¥ Record 0: closed
+| Record_1: open
=[] Participant: CG
| Record_0: closed
¥ Record_1: open
=¥ Participant: CMole
+| Record_0: open
| Record_1: closed
=[] Participant: EBerry
¥ Record_0: open
| Record_1: closed
=|¥| Participant: M
| Record_0: open
| Record_1: closed
= [¥| Participant: OGiles
¥ Record_0: open
| Record_1: closed
= [¥| Participant: RElack
| Record_0: closed
| Record_1: open
=¥ Participant: Z

¢ Record 0: spen z] Process data Reload data directory Exit

Then press Process. .

Figue 23: PSAT software running on desktop for offline processingcorded videos.

PSAT calculates the 3D position of each marker in all trial videos of selected participant, filters the data
points using zerarder low pasButterworth filter with cut-off frequency 8Hz and perform analysis

to output a summary file containing path length of each marker, its midpoint and midpoint mean
displacement and contains many other files in each participant folder containing raw and filter data
of each marker position, midpoint and distance between the markers. Filtered 3D marker position can
be further analysed and provides an opportunity to record and analyse many other human
movements like prehension, posture control while performing manasks etcFigure24 shows an

output folder of a single trial before processing and after processing.

Mame =

MName =
. calibration | calibration
. videos id
| videos
@ demographics
(EL] 3d_filtered

@ time_stamps

1+ EL] 3d_unfiltered
@ timestamps_server

&L dient_IRpoints

@ demographics

@ distance_between_LEDs
EL] mid3D_filtered

L] mid30_unfiltered

@ server_IRpoints

EL] summary
@ time_stamps
@ timestamps_server

Figure24: ParticipantfoldelO2 y i F Ay Ay 3 LI NGAOALI yiQa Y20SYSyid RIGL

Data processinglgorithmextracts 3D position of each marker and further processed to output path
f Syaidk 2F SI OK YI NJ ddstote griextefrialNIs BaMIpracesgingRad2IZoybél
done offline, afterecording all trials, on a separate computer with an additional advantage of much
time to record.Optical motion capture systerhased on ofthe-shelf productgequires calibrationof

each camera and both cameras together as a stgr@ioto computeintrinsic and extrinsic properties

Next section discussesl@pted calibration proceduraised to calibrate PSAT
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3.2.4Calibration
After assembling all the hardware components together and uploading supported software and

programs in to the PSAT, calibratiprocedure is required to calibrate each camera separately and
then once again together anldas to recalibrate if angne of the cameras dislocate itself from the
assembly casing. So, before using PSAT for the first time or after fixing assembly supbratioca

is necessary to accuratdtyangulatethe 3D positiorof the IRECand movement followed by thiRED

in space. The single camera calibrations aim to calibrate the focal length and distortion pasaofete
the cameras, while the sterecalibrationseeks to establish the position of the cameras relative to

each other. Both are critical for the successful operatioargf optical motion capture system

Camera calibration procedure is adopted as explained in PSAT development manua amgkiou
[227]formulated to increase flexibility, robustnestcalibrdion process, also at low codthe viewing

area that the cameras cover and the angles at which they are pointed determine the size of the image
utilised for calibrationA calibration image must be large enough to be observed by multiple cameras
simultaneously to accommodate a wide viewing angle and/or a broad viewing area. Finding
correspondences across various levels of resolution is made possible by optimal calibration objects.
The calibratioritem must be mounted to a movable planar surface so thatithage can be moved
within the field of view of the cameras while remaining flat. It is not necessary for all cameras to
simultaneously see the calibration image or for the calibration image to be entirely visible by each
camera[224]. It is more crucial for an extrinsic calibration to be successful that the cameras can be

connected acres shared images.

This is done by using calibration object, a hbadked planar surface on which checkerboard pattern

of 9X6 squares with each square of length 37.5mm is fixed after printing on A3 paper size as shown
in Figure25. Both master and client cameras of PSAT record video of calibration object in a range of
different orientations and positions for 10s and subsequently save videos on USB comwébted

PSAT.

Figure25: Calibration object presented to PSAT in different orientations and positions. Calibration procedure detecting
intersection points.
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Further calibration is done offline by running calibration script on eeamera videoseparately
(master & client) tayenerate an optical distortion model by identifying intersection point coordinates
as shown irFFigure25, to calculate the disparities between anticipated and observed point location,
resulting in correction of the images. Optical model generates a matrix of intrinsic camera properties
containingfocal point, principal point, and lens distortioBimilarly stereo calibration was performed

by selecting images at same timestamps from both cameras and then locating the corresponding
intersection points of the grid. Difference in the detected positiof the corresponding points
between cameras is used to generate a matrix of extrinsic camera properties containing relative
orientation and translation of the cameras. Together with intrinsic and extrinsic camera properties,

pixel coordinates from botmages can then be triangulated to determine the 3D position in space.

This whole procedure was repeated for five times, resulting in five versions of intrinsic and extrinsic
camera propertiesvhich are then subsequently used to calculate average calibrat@lues.Thus,
accurately determining the triangulated position of markers depends on compensating optical
distortion, and accurately determining relative position and orientation of camera, through intrinsic

and extrinsic calibration technique.

PSAD @erformance in terms of accuracy, precision and repeatability has not been validated against
high-end optical motion capture systesror has not been through rigorous static and dynamic
performance evaluation. Therefore, PSAT cannot be relied on to measmpleo reacho-grasp
movement and even for quantifying simpler movements such as postural sway. The first focus of this
OKI LIGSNI A& 2y S@LfdzZd Gay3a t{!¢Qa LISNF2NXIyOS
movements against researgrade Optotrak 302Q0ptotrak NDI).

Most reported tests in the literature to measure spatial accuracy and precision of optical motion
capture systems require two markers being connected to a rigid body and separated by a known
distance[223], [228] The system then tracks the markers for a given time duration and pesduc
three-dimensional positional data to calculate the distance between markers which are then
compared with the known input distance to determine spatial accuracy and frame to frame IRED
positional variations to measure precision. Hence, to investigatespiaial accuracy and precision
associated with PSAT tracking system, an experiment measuring postural sway was performed by
tracking the position of two IREDs mounted on a pair of glasses and separated by a known distance,
results of experiment are expted in detail in section 3.3. PSAT tracking algorithm can only detect
two IREDs which does not meet the requirement of studying prehensile movements and it would
produce inaccurate and imprecise 3D position as well if IREDs are presented in vertitiaindirec

if both IREDs have sam&gordinate value. So, it is necessary to extend the PSAT system into a Boxed
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more than two IREDs position and presahin any orientation (see next section).

3.3 BIGKAT Development
As stated in previous sections, PSAT capability to accurately measure postural sway has not been

evaluated and has also not been validated against reseguatie system to determine its litations.

In this section, PSAT was tested to measure postural sway in healthy adults while standing still and
participants were instructed to close or open their eyes during recording. It has been shown that
young healthy adults had developed more posttability and can maintain posture for a long while.

And it has also been shown that absence of feedback increases posturdlld®hy218], [220]since
informationisQ i | @F Af 1 o0fS (42 YIAYGFEAYy LIR&A0Gdz2NBE FyR adza!
observe more postural sway during eglwse condition, even in healthy adults. If PSAT can
successfully captures postural sway in healthy adults duringstilice unér different viewing
conditions, then there are high possibilities that such-owgt optical motion tracking system can be

used to measure other gross motor performances. Only three healthy adults were recruited for this
study as objective was to asseSM performance i.e., how accurately and precisely PSAT can pick up
subtle head movements in comparison to OptotrlkPSAT fails to perform well then it became
important to identify the risks and limitations associated with PSAT hardware and/or matieetida

and tracking software such as glare produced by bespoke IREDs and/or correct labelling of IREDS in

consecutive frames of master and server videos.

Participants were instructed to wear glasses and stand still and were also instructed to alteynativel
open or close their eyes during recording. Bespoke IREDs were mounted on each side of the glasses
and IREDs movement were recorded for thirty seconds. Offline data processing was performed to
calculate the cumulative pathlength i.e., the distance traagtlby each marker and its midpoint to
guantify the postural sway. Distance between IREDs was also calculated for each trial and was
averaged across all trials as IREDs were not removed during trials and this measure can be used to

assess the calibration egracy and precision of PSAT.

Figure26 shows the cumulative path length of mpbint of bespoke IREDs under different viewing
conditions and the mean distance between IREDs as calculated by PSAT. Cumulative path length of
each maker, whether left or right shows higher value for eglese condition than eyespen
condition as expected but data shows obscurity in a sense that mean path length of each IRED is in
thousand meters and not equal as wéllgure26a shows average cumulative mpgint path length

of each trial during eyespen and eyeglose condition and shows that data is corrupted with so much

noise due to the glare that sway expamce by one marker sway is larger than the other, which is
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totally meaningless. IREDs mounted on glasses (rigid body) are at 127mm from each other, but mean

distance calculated by PSAT shows a difference of more than 4mm.
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Figure26: Path length and mean distance between IRs under different viewing conditions using only Homebrew markers
with PSAT.

Initial experiments with PSAT to measure postural sway has shown large variations in calculated
cumulative pathlagth of both IREDs and its midpoint. Intuitively, both IREDS should produce similar
pathlengths as they were mounted on the same rigid body, and both will experience the same amount
of movement as participants sway. Similarly, distance between two IRE@sstant and known, and
calculated average distance between IREDS by PSAT shows large variations showing poor accuracy.
Table3 shows that pathlength of one IREDrédatively much higher than the other IRED which may

be due to the glare produced by IREDs or may be due to some serious issues in the tracking algorithm.
Pathlength of both IREDs should be similar as they are mounted on a rigid body i.e., on a pegesf gla
and experience same amount movement. For this specific reason, noise levels were measured for the
positional data obtained by PSAT for both IREDs to determine the spatial accuracy and precision of a
tracking algorithm and/or any hardware issues. Itnigasured by computing the standard deviation

(SD) of measured position of a tracked object (static IRED) over time and is calculated in each
dimension i.e., vector norm of SDs for each dimension (alike to the root mean square of the distance
from mean pogion). Figure27 shows high noise level in the tracked position of a bespoke IREDs
mounted on a rigid body i.e., glasses and under different viewing conditions becaeen from the
Figure27a that the tracked IRED position (eyes open) moved considerably large in x and y direction
likewise when eyes were closdelgure27b shows noise levels for the same trial obtained by Optotrak
which suggests that PSAT performance in terms of accuracy and precision require further investigation

before validating against laboratofyased optoelectronic motio capture system. IRED positional
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data resolved by PSAT covers large spatial range for a static point source and, therefore, requires

further investigation to determine the source of error.
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Figure27: Noiselevels in the resolved position of both IREDs (Left & Right) during different viewing conditions as obtained
by PSAT and Optotrak. PSAT data shows large variations than Optotrak

Table3: Correlation coefficient between cumulativetpdength and standard error for distance between IRs

PL1(mm) PL2(mm) Correlation Distance b/w Standard Error
IRs(mm) (mm)
Bespoke markers 283.078 1776.752 0.342 190.339 10.409
Opto-Markers 37.863 41.032 0.516 152.911 0.0135

Therefore, to determine whether this large spatial range occupied by IREDs is due to the glare issue
or tracking algorithm, bespoke IREDs were replaced by the IREDs supplied with Optotrak and their
positional data was collected by both PSAT and Optotralilgneously. For this specific purpose,

two OptotrakIREDs were mounted on a rigid body at a known distance of 15&mdntheir position

was recordedor 15s at 60Hby both PSAT and Optotrak, simultaneou3ligtal of five trials were
recorded and analysedith PSAT software to extract 3D positional data, distance between IREDs and
cumulative pathlength of each IRED and their midpdiable3 shows the cumulative pathlength and
spacing between marker averaged across all trials. Replacing bespoke markers withaoktos

have tremendously reduced variations in the extracted 3D positional data across allRigalse28

shows the result of the calculated distance between IREDs, cumulative pathlength of both left and
right IRED and spatial range covered by IREDs as obtained by both PSAT and Optotradafoe the
trial. It is evident from thd-igure28c that PSAT power of resolving IRED position increase by replacing
bespoke IREDs with Optotrak IREDs. Because bespolsdfeEdo bright as shown Figure29c and
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due to potential confoundment with glare results in inaccurate resolving of the centre point of an

IRED.

Table4: Mean cumulative path length and mean distance between IREDs calculated for all trials. All values are in mm.

Left PL Right PL Distance between IRDs SE
Testc Rigid PSAT 37.683 41.033 152906 1.430e3
body Optotrak 36972 39.041 148.163 3.596e4
a b
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Figure28: a) Distance between IREDs b) Cumulative path length as calculated by PSAT and €)ptoiszklevels for the
extracted 3D position of the same trial by PSAT & Optotrak i.e., staddsiation of the measured position of the tracked
marker
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Figure29: Both Images are extracted from the recordings made by PSAT using a) bespkéersb) opto-markers

The PSAT data analysis software was particulasgldped for processing postural sway videos i.e.,

it can only analyse videos with two IREDSs. After careful adépth analysis of the algorithms it was

pointed out that PSAT software would produce inaccurate results while analysing videos with more
thantwo IREDs due to IRED labelling and tracking issues e.g., in a video containing 3 IREDs, two IREDs
will be detected and labelled in a frame and may be mislabelled in next frame, hence, making it difficult

to track as label jumps from one IRED to other IRE&ubsequent frames. With this another issue

arises if during movement IREDs become vertically aligned i.e., share the saaue yhen PSAT
software produce confounding results. In essence, PSAT software scan each frame horizontally for two
GKAGSAWolfy2zR0 0SSt GKSY K2NAT 2y drffe a GKSe | LIS

AT Lw95 KFLIISya (2 a6A00K LRaAAGA2YA Ay adzoaSldzsSy

require more than two IREDs gets limits and these two IR&W®tbe vertically aligned in any frame
otherwise may result in inaccurate tracking due to label swapping. Both these issues were resolved by
modifying the PSAT analysis software to track more than two IREDs, presented in any order and
labelling IREDs the first frame of both cameras by a scanning frame at an angle defined by the user
according to the task as shownkigure30andFigure31. And then to make sure that labelled IREDs

are tracked accurately throughout the video, distance between each IRED in two successive frames is
calculated iteratively for whole video, and thendea on minimum distance IREDs positional data is
recorded in the respective label. So, tracking script including labelling and ordering any number of
IREDs is updated to track IREDs in every frame based on labels assigned in the first frame and based
on mnimum distance in subsequent frames as showRigure30. It works as follows starting from

the first frame

Get x and y values of makers

Convert to polar coordinates

Make a new frame by rotating the markers by an angle
Convert back to Cartesian coordinates

Label by new x position after rotation

= =4 4 A A -A

Remember the previous frame, and usles to inform labelling of markers
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1 Get the number of maws

1 Generate all different permutations of markers

1 Check each permutation
o0 check closest marker based on visible marker in previous frame
0 compute distance between each marker in a frame
o and find out the minimum total distance

1 permutations which resultechiminimum total distance is selected

0
75

Figure30: IREDs are labelled by making the first item the first by converting pixel coordinates into polar coordinated and
then rotating at a given angle

Figure31: a) All different permutations of markers and red line shows distance between markers in two consecutive frames
and the permutation which resulted in minimum total distance is selected as shown in b.

After resolving all the hardware and software related issues and incorporating relevant changes, PSAT
was renamed to Boxed Infrared Gross Kinematic Assessment Tool (BIGKAT) to measure upper limb
dexterity by providing objective kinematic measures of reelgrasp movements. Another main
objective of this study was to determine spatial and temporal resolution of the system and how the
AL GALFE I OOdzNI 0@ | yR LINBOA & A RoythispKrpogeliSisinedesdap a &
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G2 YSI &dzNB tial tesdMtiort t® deterdning: how spatial accuracy changes when IRED is
placed at different location in its working volume. As accuracy of correctly detecting IRED position
decreases when it is placed around the edges of the working volume because ofninimdri@sic

camera properties. A novel method of measuring spatial resolution was devised to detect the position

of an IRED using BIGKAT system and successively moving IRED at equidistant locations in its
workspace. It was done for both horizontal andiver OF f LJ I ySa adzOK GKFd . LDY
sub-divided with respected to the reported spatial accuracy and precision values. Such information
would help experimenter to know how far BIGKAT should be placed and where in BIGKAT workspace
movement shou be made, results of spatial resolution are presented in detail in section 3.4.
Likewise, temporal resolution was tested by providing dynamic input in the form of simple harmonic
motion to determine how fast BIGKAT can detect a moving IRED, thus, irdoesperimenter how
accurately and precisely it can capture the temporal characteristic of a movement (see section 3.5 for

further details).

3.4 Spatial and Temporal Resolution
Before using BIGKAT to collect data from participants, it is important torrdete its spatial and

temporal resolution along with validating its ability to resolve IRED position against an established
research grade system such as Optotrak. As discussed in chapter 2, FOV determines the spatial
accuracy and measurement resolutionafy optical motion capture system which in turn depends

on the intrinsic and extrinsic camera properties. In other words, how the accuracy and precision
changes as a function of IRED paosition when placed at different locations in horizontal and vertical
plane? Therefore, one main objective of this study was to-RUW@PA RS . LDY! ¢ Q& Ch=z
subsets with respect to the measured spatial accuracy and temporal resolution. Hence, two
experiments were devised to track the static and dynamic movement oiRiED by BIGKAT and

Optotrak, simultaneously.

QELISNAYSYid m OKIFNIOGSNRASAa . LDY!¢Qa aLIGAlLt | OOd
IRED placed on a large grid presented both horizontally and vertically, within the overlapping field of

view (FOV) of BIGKAT and Optotrak 3020. Both devices iteratively measured the 3D position of the
Lwo5 G SOSNE 20KSNJI INAR O2NYySNI LRAYyd d GKS aly
A0FYRFNRQ (2 RSGSNNAYS (i Kabh aWdSeveyy gidpairg thetbd sub NNE NJ
setting FOV with respect to the computed MAE in both planes (horizontal & vertical). Also, to
characterize BIGKAT range that how far it can accurately resolve IRED position, vertical resolution was

also determined ¥ successively increasing the BIGKAT distance from the grid. Basic purpose of
experiment 1 was to provide us with tracking volumes based on different MAE levels (0~5mm,

5~10mm, 10~15mm) and large enough to conduct re@efrasp studies.
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Experiment 2 detanines the temporal resolution such that how precisely movement unfolds itself
for the whole duration of measurement or in other words it determines the fastest changes that
BIGKAT is able to track. For the exact same purpose, experiment 2 reconstructiadyravement
presented in the form of simple harmonic motion by attaching two IREDs on either side of the
pendulum. Similarly, as in experiment 1, both devices recorded IREDs movement, simultaneously, at

five different locations within the overlapping FOVBIGKAT and Optotrak.

3.41 Experiment 1: Spatial resolution
I OO0dzNF 6S IyYyR LINBOAAS GNIXO1AY3I 2F YIENJISN Y2O0SYSy

markers into threedimensional coordinates, is of critical importance to any optical motionwapt
system. A key factor determining the performance of any measurement system is therefore its spatial
resolution, i.e., how accurately and precisely it can analyse its workgpadg [229], [230] So, to
determine the spatial resolution of this system, we tested BIGKAT in its ability to reconstrucoé grid

IRED markers visible in its FOV in comparison to the gold standard Optotrak system.

Method -Horizontal (X) Resolution
Two grids printed on AO paper were placed digeside on the flat table (sefeigure32), with grid lines

spaced by 36mm. BIGKAT was placed nearer to the grid because of its smaller FOV than Optotrak. The
front edge of Optotrak was 1300mm from the near edge of the grid, and 245&2om the origin (the

top left grid point). The front edge of BIGKAT was 700mm from the nearest edge of the grid and
1852mm away from the origin as shownhigure33. This setup allowed us to make simultaneous

YSI adz2NBYSyiGa 6AGK .LDY!'¢ FYR hLIG2GNI1E KSyOSs |

against a commercially available accurate and precise optical motion capture system could be made.
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Figure32: BIGKAT and Optotrak looking at the grid being presented horizontally.

The bottomleft corner pointof the gridvisible in BIGKAT 2V, & shown irFigure33, wasconsidered
asanorigin and its3D coordinates wereneasuredby both BIGKAT and Optotrak placing anRED

on the origin for a duration of 8econds at 60HzZI'he IRED was then moved along two grid points (in
the X dimension for BIGKAT) and data collected for another 6s. This process continued until every
second grid point (so a gap of 72mm between each) along the border and within the border denoted
by the bla& dot inFigure33was recorded by placing an IRED, where this change in IRED position was
considered by BIGKAT as a change in thplaf®e and a change in the -glane ty Optotrak. In
essence, for BIGKAT change in IRED position alaxig and »axis corresponds to the columns and
rows of the reconstructed grid. Similarly, for Optotrak change in IRED position adoigyand yaxis
corresponds to the columns and rowstbé reconstructed grid. IRED position was measured at those
grid corner points (266 points, 17 rows x 19 columns; not rectangular but trapezoidal) which were
visible within the overlapping FOV of both devices. The visible grid was then reconstructethesing

3D positional data from both devices and It can be seen fronFigare35that even though IRED
points were visible, BIGKAT could not resolve first three coluginpdints) at the extreme left of the
plane, therefore, corresponding three columns of thé.J(i 2 (ighd-wer@ éopped to match grid size

observed via BIGKAT.

61



AP 1 l
o e
=1 ® o)
1224 oo 0—o0- o 648 o) l i
ham ¢ b d > =
—-o oo * = g
Jv =a= T e—e *
A ;
origin || | 200
< 1852 >
_ 1152 1300 -

Figure33: Spatial Resolution Experiment Setup. The red lineshovidtha A 6 £ S INA R Ay . L
refers to IRED position at every second grid point separated by 72mm within and along the border. (All va
in mm).

However, the 3D positional data of the reconstructed grids were different from each other, preventing
measuring positional error between the two devices. To make a direct comparison between the grids

as seen from both devices, coherent point drift (CHBiY rregistration method was then used to

GNI yatlriS FYyR NRGFEGS GKS 20aSNBSR . LDY!¢ 3IANAR 2

resulting in characterizing the spatial accuracy and precision of BIGKAT.

Vertical(XYResolution:
As in horizontatesolution, vertical resolution was characterized by presenting grid in vertical plane of

both BIGKAT and Optotrak and both devices recorded IRED position at every second grid corner point,
simultaneously. Optotrak 3020 can accuratelyn@& & resolve IRED placed at a distance of 5m

[187] YR A1 S¢AaS G2 RSOSNNAYS . LDY! ¢QatmNiipf3Ss @S
distances from the grid. Distance between the grid and Optotrak was kept constant (3 meters) because
hLIG2GNF1Qa 1 NBHS Chz O2dA R OF LWidzNB GKS sK2tS 27
Optotrak, so it was positioned at threeffdirent distances from the grid (700mm, 1400mm, and
2100mm), and the resolved visible grid was characterized for whole visible workspace in the same
YFEYYSNI Fa F2NJ K2NART 2y Gt NBaz2fdaZiaA2zyd ¢KS Lw9540Q
werevih 6f S GKNRBdAAK .LDY!¢Qa fSyaSa |yR RIFGF gl a O:

Optotrak, simultaneously, at every second grid point, spaced by 72mm.

3.4.2 Data Analysis
One of the major considerations while calculating positional errors between BIGKAT reported IRED

position and obtained from gold standard Optotrak is that both devices report IRED position in their
own coordinate system. Therefore, one cannotsimply fikdt a! 9 2dza i o6& adzo i NI O 7
LRAAGAZ2Y FNRY (GKS hLIG2GNI 1 Lw95 LRaAGAZ2Y D ¢KSNBT
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system onto the reference coordinate system (in this case Optotrak). Another major consideration is

that coordinde axis of both devices differs from each other such as triangulated IRED position along

X EA& 2F hLIG23GNF 1 O2 N&BS andifige Rersa. (TBere @rk SeveralLpbint set Q &
registration methods to overcome such limitations such as IterativeeSt Point (ICP), coherent point

drift (CPD), Robust Point Mapping (RPM), and Gaussian Mixture Models (GMM). CPD is a powerful
method to handle complex deformations, large data sets and-ngid deformations, and a well
developed key component of compartvision, used to find spatial transformation by mapping BIGKAT
ANKAR (2 GKS hLIG2GNI 1 3ANAR® WAIAR NBIAAGNI GAZ2Y YS
positional data over Optotrak positional dg31], in order to make the direct comparison between

the two i.e., transforming the BIGKAT positiomta onto the Optotrak positional data while
preserving the inherent information contained by the data.

hyS 2F GKS YIAYy 202S0GA@0Sa 2F GKAa addzReéetogl & G2
grasp studies with sufficient accuracy and minimigtattion effects, therefore, it was needed to
investigate how accuracy varies across workspace by dividing a whole visible grid (grid of IREDs viewed
by BIGKAT and Optotrak) into smaller sets of grids and performing CPD to compute positional error

for eveary possible combination of rows and columns. For example, for a grid (set) containing 3 columns

(m, m1, 1) and 2 rows (n, 1), a total number of 6 possible combinations (subsets: m x AL mxin

xn, mlxnl, m2 xn, m2 x nl) can be extracted. 3Bbordinates of each subset of the grid from

PSAT are transformed onto the Optotrak coordinate system which are then used to calculate mean
absolute positional error for every subset. Using this approach, the position of a single IRED was
calculated at suassive locations throughout the workspace, whereas, for calculating positional errors
(MAE) CPD rigid registration method is critical and has been performed for each subset of the whole
grid. Figure34 shows the schematic of the whole characterisation process, where a subset of whole
visible griddi i € 0 i&¢ G ¢ & 0)issdlected and CPD applied repeatedly by removing a column from
either side until left witha single column in the middle ié.i ¢ 0 ip®£ & Gadcthen computing

the positional error at each sdlevels Same procedure was adopted for the same visible grid by
removingarowd pi € 0 it ®é & 6 dandithen performing CPD repiealy by removing a row

from the top and bottom until left with a single rowpi € 0 i W& & 6 dirgthe middle. This whole
procedure continued until left with a single column and a single row in the middle. In our case a subset

of whole visiblegrid after performing first CPD hask € 0 w0 é & 6 dherefore, total of 153 sub

grids were transformed and analysed for positional err@vgh this approach, it became possible to
characterize how well BIGKAT grid fits onto the Optotrak gfiRa K2 ¢ Y dzOK RA &0l yOS S
ANKRR LRAYG A& FNRBY (GKS O2NNBaLRYyRAY3I hLIG2GNI | Qa
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Figure34: Procedure of repeatedly applying coherent point drift method on several sub#ietsobiserved grid until left with
a single column and a row in the middle.

Above stated procedure would provide positional error as a combination of rows and columns but
knowing how much positional error each row and column contributes towavesall error has two
benefits; firstly it identifies parts of the workspace maximally/minimally affected by inherent camera
distortion properties and therefore should be avoided/utilized during experimentation, secondly
about error distribution by plottig an error histogram whether it produces a normal distribution with

smaller standard deviation or it produces a iskewed and flatter curve.

3.4.3Results Horizontal Resolution

Figure35a & 17b show the reconstructed grids obtained from BIGKAT and Optotrak by calculating the
mean 3D position of the IRED at each recorded position of the grid and it can be seen fiféiguiiee

3% g mMTO0 UKFI(G 020K RSOAOSAa 2dzilizi Lw95 LRAAGAZY
direct comparison thereof. Thieemonstratesghe need for the CPD point set registration method to

transform bothsets of results onto a common coordinate system.

And Figure35b shows that BIGKAdould notresolve first three columns (C1, C2, C3) even though
these columns were \ilgle via BIGKAT during data collection i.e., IREDs placed at the extreme left side

of BIGKAT FOV was not detected as it was not visible in one of the cameras. Before applying CPD, both
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Optotrak and BIGKAT grids should be of same size, hence, the fiesctiitenns of the Optotrak grid

were removed Figure350

aKz2zga
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grid (colour dots) i.e., BIGKAT grid urgtees spatial transformation with respect to the reference

coordinate frame. Thus, enabling direct comparison by computing positional error at each grid point.

As it can be seen from the post CPD dgrigyre35c) that positional error increase significantly when

the IRED is at the edges than at the middle of the FOV due to the inherent optical distortion.
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Figure35a & b shows econstructed gridas obtainedrom Optotrakand BIGKAT respectively c) coherent point drift (CPD)
rigid registration of BIGKAT grid onto the Optotrak grid d) selected rectangular grid of 17x% ¢@wsins) from both

devices after first CRolour dotNB LINB & Sy (i &

h LJG 2

G NI
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Figure 35d shows a subset of whole visible grid of siz& ¢ 0 iwoé & 6P & i @ TAd

selected after performing first CPD (enclosed within red bordEne CPD rigid registration method

was then applied repeatedly by removing columns from either side until left with a single column in

the middle i.e.p X € 0 ipé & dWE ¢ X & & . Likewise, rows were removed ohg-one and

CPD performed for each subset of giijure36 shows the result from the above stated procedure
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and grid of zexi € 0 (W€ & O (withi an effective tracking area of T T @ Tapé  produced a

maximum error up to 20mm and overatlean absoluterror (MAE) of less than 5mm.

Max Error (mm)

05
M e MAE (mm)
[5,10) . 0.5)
[10,15) . [5’10)
. [15,20) )
[ 2o
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X-axis (Columns) X-axis (Columns)

Figure36:a) Maximum error b) Mean error of all tlseibsets of the rectangular grid 17x9 obtained from observed grid of
size 17x16.

Figure36 shows maximum error and MAE as a combination of rows and columns where kach ti
NELINBaSyida I aINAR &AT S S6AGKAY . LDY! ¢Qa 62NJ] &Ll OS
changes i.e., if IRED is placed at the edges or in the middle of the workspace. It can be seen that if IRED

is moved across the whole of workspage ¢ T p p W@ then MAE error would lie in between 5

to 10 mm and maximum error of more than 20mm can be observed. On the other hand if movement

is performed in the middle of the workspace covering an area of T @ TAd tox ¢ X ¢ &

would produce MAEdtween 0 to 5mm and maximum error ranging from 5 to 10rrigure36 shows

the error as a combination of rows and columns. It is also worth seeing how much error eagahdo

column contribute towards overall error and how the error is distributed by looking at the error

histogram.

Figure37 shows the absolute error that each row andlemn have contributed, and it is higher at
extremities than the rows and columns in the central workspace suggesting large effects of camera
distortion at the edges whereas the central workspace shows less distortional affects. It suggests that
movement siould be performed within the central workspace, and it still needs to be determined how
large the workspace should be and error distribution at different subsets of the visible workspace.
Figure38 shows density histogram of various grid sizes where MAE (shown by a blue dotted line)
decreases with grid size and the density curve (shown by red line) follows a normal distribution with
smaller standard deviatiorkigure38c&d whereas a large grid size produces as&fwed and flatter
curveFigure38a&7b.
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Figure38: Density histogram of grid size a) 17x16 b) 17x9 c) 13x7 & d) 7x9 showing mean error (dotted line) reducing wit
sizeandshaded area (green) shows error density curve follows normal distribution (red line)

3.4.4Precision
Sampleto-sample jitter (precision) was calculated by measuring the size of jumps that are made from

frame-to-frame and for the wholeluration of data collectiofés) Thiswas measured by means of the
root mean square (RMS) of the change in position values reported by BIGKAT and Optotrak, and is

given by

YO Y

WhereYw is the difference between sampl&&nd'Q p of the measured positioth Table5 reports
median samplgo-sample jitter calculated by measuring RMS level along eahand for all grid
LR AY (& @A aA o fLAWerRWIS valuds hdictt@laweGitterartefacts and artefacts becomes
more visible with large RMS values2], [233]

Table5: Median sampleto-sample jitter obtained from the raw data. Lower numbers indicate better resolution. All values
are in mm.

Precision (Median Sampl®-sample jitterin mm)

Device X y Z
BIGKAT 9.752e-04 5.945e 04 6.559e-03
Optotrak 2.050e5 3.06%-5 3.280e-5

Figure39a & 21b shows a heatmap of measured sardplsample jitter along the x and z axes,
respectively, for the whole observed grid, where each tile represents a grid size. It can be seen from

the Figure39a that the x axis shows reduced jitter artefacts (higher resolution) than along-dles z
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Figure39b where depth values at the far end of workspace shows higher RMS level with some jitter

artefacts in the middle.
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Figure39: Root mean square level showing jitter effects at each grid poinaéndy a) Xaxis b) Zaxis

3.4.5Vertical Resolution

Likewise for vertical resolution, IRED positional data was analysed for horizontal resolution by running
CPD twice: first to select rectangular grid and then to characterize each subset of the rectgrigular
Three different observed grids at three different distances (700, 1400, & 2100mm) from BIGKAT were
translated and rotated onto the corresponding Optotrak grid as showirigure 40, and then
maximum error and MAE were calculated for each subset of the rectangular grid as shéigari

41. Observed grid size increases withr@asing distance between grid and BIGKAT such as observed
grid size increases from p Gt 700mm Figure40a) top p p uat 1400mm Figure40c) and then,

top @ p xat 2100mm Figure40e) and so as the selected rectangular grid size enclosed in red line
shown in the correspondingigure4l. Theseresults suggedhat with increasing distance, the effect

of optical distortion on the resolved IRED position become more evident around the edges of the
workspace than around the central workspace. Hence, resulting in reduced effective workplace for

expaimentation with BIGKAT at near and far ends (700mm and 2100mm). Observed grid size when
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placed at 1400mm from BIGKAT produce large enough workspace to conducttoegelsp

movements.
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Figure4Q: a,c& d shows BIGKAT grid rigidly registered onto the Optotrak grid obtained at three different distance from
BIGKAT, where b, d & e shows the selected rectangular grid of size 5x11, 10x9 and 13x14 bounded by red line
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Figure41: Maximum and mean error for observed grid and its subsets at 700mm (a, b), 1400mm (c, d) & 2100mm (e,f)
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Figure41 shows the maximum error and MAE as a combination of rows and columns where each

tile represents a grid size and are colour shaded according to the amount of error present in each

grid. So, tobetter understand the required optimal distance, density histogralfigure42) show that

the mean error (blue dotted line) increases with increasing distance and peofiiatter and left

skewed density curveF{gure42a, 24c & 24e). Likewise decreasing grid size at the same distance

(Figure42b, 24d & 24f) reduces overall mean error and produces a narrow density curve which also
F2tt20a |
workspace Figure42b & 24d), the experimental setup should be installed at 700 to 1400 millimetres
from BIGKAT, such that, at 1400mm IRED movement made within 504X576mkig(sed 1d, grid

sizex Wp mtL Xdpd )

V2 NY It

RASGNRAOGdZIAZY

ONBR fAYSO® ¢KSNB

in the Yxtirection from the centre produces a maximum error of

11.37mm, but fortunately, the bimodal shape of density histogriigyre42d) shows the largest peak

on the left of the mean error (< 5mm).
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Figure42: Density Histogram of grid size a) 6x12 b) 5xBaimm, c) 11x15 d) 7x8 at 1400mm & e) 16x17 f) 9x9 at
2100mm.

Figure43 shows the error contributed by each row and column and clearly shows largeexist at
the extremities of the workspace same as in horizontal resolutionFgtire43e shows that at
2100mm the bottom rows (R6 to R13) contribatless than the top rows i.e., working in the lower

half of the workspace should be preferred.
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Figure43:: (a,b),(c,d) & (e,f) shows rewmise & columrwise error contribution when grid was at 700, 1400, 2100from
BIGKAT, respectively

Table6 reports the median RMS values obtained with the same procedure as in horizontal resolution.
h@SNI 3> AdQaablésdhatfoptgtrak (goNBtandaitKsBows better resolution at each
distance than BIGKAT, whereas BIGKAT also shows lower jitter artefacts than Optotrak at 700 &
1400mm but jitter artefacts become obvious at 2100mm, particularly in determining IRED depth (z
axis). RMS heatmaps at each distance and along each axis are shown in Appemdipeconstructed

grids are shown in Appendi&



Table6: Median samp#-to-sample jitter. All values are in mm.

BIGKAT Optotrak
Distance (mm) X Y Z X Y 4
700 5.444e04 8.258e04 2.213e03 3.569e04 1.596e04 5.580e04
1400 8.759e04 7.009e04 7.919e03 3.234e04 1.366e04 7.016e04
2100 2.927e03 1.141e03 2.915e02 1.906e04 1.034e04 3.579e04

3.5Experiment 2: Temporal Resolution
Other than the spatial resolution it is also useful to measure temporal resolution as it determines the

FLraagsSad OKFy3aS GGKIG ¢S Ol y méasireahddanalyse reath-@gagp ¢ Q &
movements (which involves gross and fine motor skills) it was tested by tracking two IREDs attached
to a pendulum and determining how accurately BIGKAT can resolve the rate of change of IRED

position.

3.5.1 Method
A pendilum of length 400mm with two IREDSs, facing towards BIGKAT & Optotrak cameras, separated

by 31mm were attached on either side of the pendulum ball. Using two IREDs helped to keep the
pendulum balanced. Five trials were recorded at different locationsefwbrkspace for 15s at 60Hz,
and both devices simultaneously started recording when the pendulum was released from an initial

angular displacement of 20

3.5.2 Results & Discussion
Figure44 shows the decaying behaviour of the pendulum over time along thgi¥Xas tracked by

both BIGKAT and Optotrak simultaneously. fdaint of both IREDs was calculated and plotted for all
trials as shown ifrigure44 and decaying behaviour was calculated by computing the change in IRED
position between two subsequent frames, whereas difference in the tinaenps of subsequent
frames was measured to determine the frame rate (interval rate). Frame rate was then averaged to
measure temporal resolution for the whole trial and all trials as well and produce a time difference of
almost 16ms between two consecutifeames for both devices. The tinperiod and distance
between IREDs was extracted from the temporal and 3D positional data resolved by BIGKAT &
Optotrak and then was averaged over all trials as reportéichlie7 and shown irFigure45. Equation

1 shows actual time period of a pendulum of length 400mm.
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Figure44: Pendulum oscillations shown for 5 trials of 15 seconds duration
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Table7: Time periocand distance between IREB&culated from BIGKAT and Optotrak's raw datathe 5 trials

Trial 1 Trial 2 Trial 3 Trial 4 Trial 5

BIGKAT | 1214 | 1274 1.219 1.219 1.219

Time Period () Optotrak | 1.214 | 1.214 1215 1.214 1215
BIGKAT | 31.747 | 31.367 31.414 31.498 31.588
Distance biw IREDs (MmI=a 130428 | 30.451 30.390 30.404 30.445

As well as timgeriod, the distance between IREDs was also calculated and averaged across all trials

to determine the absolute positional error by comparing with known input distance as shdviguire

45. Such absolute measures obtained from the resolved IRED position in 3D space allows direct

O2YLI NRazy

devices output comparable measures and no significant variations were observed in BIGKA@&ltempo

27

LDY!

¢ Qa

LISNF 2 NX I yOS

suggests that both absolute measures (tiperiod and distance between markers) obtained by both

| Figireas

32f R

and spatial data. For the purpose of measuring detailed human motion, such as finger motion, Song

et. al. measured the frame rate required for an optical motion capture system and found out that
minimum frame rate is proportional to the ratio betweeha maximum speed of the motion and the

minimum spacing between the markd222]. Theyhave shown that a frame rate of 20Hz is sufficient

for tracking a marker moving at a speed of 1440mm/s and literature also shows that healthy subjects

move with maximum wrist velocity ranging from 1200mm/s to 1600mm/s while reaching for grasping

an objectplaced at the farthest distance of 400m284]¢[237]. Hence, video recording of reatd-

grasp movement at 60Hz by BIGKAT might reveal significant differences, for this purpose chapter 4

investigates the use of BIGKAT for studying the effect of tasist@ints on reacto-grasp

movements.
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Figure45: a) Mean Time period b) meatistance between IRERsross all trials as computed from BIGKAT and Optotrak's
3D positionatata

3.6Discussion
This Chapter investigated spatial accuracy and precision by tracking IRED position placed on a grid

(printed on AO paper) presented horizontally and vertically, within the overlapping FOV of BIGKAT and
Optotrak 3020. Both devices recorded IRED positioatiteely and simultaneously by moving IRED to
every other grid corner point (spaced by 72mm) for 6s. Optotrak acted as-atgoldiard to determine

the absolute positional error between 3D position obtained from BIGKAT and Optotrak. With this
approach, sesral subsets of tracking area, MAE less than 5mm, was found in the horizontal plane
ranging from as large as¢ Mm@ T @& tox ¢ X @ & (centered around the middle FO\Wyhich

a user can select according to the experimental setup.

Also, to determine theange in which BIGKAT can accurately resolve IRED position, vertical resolution
was determined at three different distance (700, 1400 & 2100mm) from BIGKAT which produced
tracking area (MAE < 5mm) afoqQ @@ a at X mdtd; v TTUL XA at p T 1O,
o@TL X @a atg p ram. These results suggests that tracking area significantly reduced as the
distance from the BIGKAT increases and the movements should be carried out in the center of FOV
within a distance of 700mm to 1400mm from BIGKAT. For example, BIGKAT at a distz@sron

can determine IRED position within the tracking area gf @ u TI(x & in vertical plane (XY) as shown

in Figure46and tracking area of ¢ 1@ T apd in horizontalplane (XZ) as shown figure36, with

mean absolute error less than 5mm and median root mean square values less than 0.001mm and at
temporal resolution of 16ms. Suchnarkspace is sufficient to carry out prehension studies because
object intrinsic and extrinsic properties (object distance, object width and object height) determine
needed workspace, in a sense that movements made in vertical direction (alawi)ydunmg

transport component depends on object height; object width controlling grip apertures (alargx

77



is always less than the maximum hand opening, similarly, movement amplitude manipulating

GNF yaLR2 NI O2YLRYSyild VYdzad oS atbdglihe sagittalglaneli@ki) A LI y i Q
[234], [238], [239] Considering object properties and the nature of experiment such as-teagtasp

movement a tracking area of X @u T & in vertical plane (XY) meets standard requirements of
prehension studies as presented itetature where object width is always less than the maximum

hand opening of 45mm, and object height is smaller than 100mm. Likewise, literature shows that

NEIF OKAYy3 RA&aGlIYOS Ay al3adart LIlLyS Aa Feglea f
ranges from 600mm to 800mm for adults. In accordance with these requirements BIGKAT placed at a

distance of 1400mm can accurately and precisely unfold movement details.
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Figure46: BIGKAT's field of view

The next chapter evaluasethe use of BIGKAT as a tool to capture and analyse -teapiasp
movements made by healthy adults to investigate its performance against Optotrak. As discussed
earlier reachto-grasp movements are affected by object size and location, so, finding thtée su
differences between coordinated and controlled reach and grasp components-bgrgimg object

size and location can strongly enhance our belief in-dogt, portable, easyo-use optical motion

capture system. Thus, encouraging its usability as sesasnent tool in clinical routine.
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Chapterd: PerformanceComparison oBIGKAWith an
Optoelectronic Motion Capture System KinematicAnalysis
of Healthy HumaPRrehensile Movements

4.1 Introduction

Having established the size of therkspace and temporal resolution afforded by BIGKAT, this chapter
sets out to determine whether BIGKAT could be used within this workspacelaie
XCTmeTdd ; X¥plane v X ou ma@ & , MAE error < 5mm) to measure reafgrasp
movements when performg within a distance of 800mm to 1400mm from BIGKRAJure47 shows

the schematic of the adapted experimental procedure where participants sit in front of BIGKAT and
the experiment involves reaching and grasping objects placed at three different distances from the
start position, all within the sagittal plane. The two objects of different sizes are placed at distances of
250mm, 350mm, and 450mm from the start positiondawere covaried for different trials. From
.LDY! ¢Q& LISNBLSOGAGSY GKS &adFNIAYy3a LRAYOHD A&
(450mm) is also 800mm away from BIGKAT. Hence, the participant performs eactorgaasp
Y2@3SYSyid oA KKspace, whibhYs!dgfiged as ¢he a¥da that can produce MAE of less than

5mm.

2 x Raspberry Pi NolR Video analysis Stereo triangulation
cameras @ === = = =TT EENEE e e - ——

: : X, Y Pixel coordinates 3D positional data
Videos recording

Kinematic Analysis
2 spatial &
3 temporal measures

Figure47: Experimental setup showing subset of workspace in which prehensile movements are performed.
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movements was assessed by quantitatively measuring, analysing, and comparingorgaasp

movements recorded by BIGKAT and Optotrak, simultaneously. Spatial and temporal characteristics

of prehensile movementgary with respect to the task constraints, and, for the exact same purpose,

YSI adz2NBYSyida 200FAYSR FTNRBY hLIWG2GNIX1 FOGSR la |
measurements computed from BIGKAT. Therefore, the main objective of the study undertakien was
FaasSaa .LDY!¢tQa LISNF2NXYIyOS o0& 202S0GA@Ste YSI ad
grasping objects in a controlled environment, and statistically analysing the relationship between the

same kinematic measures obtained from both BIGKAITGytotrak. We hypothesized that kinematic

measures obtained from both devices would be linearly correlated to each other i.e., if Optotrak can
determine statistically significant differences between kinematic measures due to task constraints

then BIGKATould do as wellTo capture the coordinated structure of prehension movements, only

healthy subjects were chosen since they can reproduce movements effectively, enabling us to test the
repeatability and reproducibility of BIGKAT by analyzing prehensdenkitic measures between and

within participants as well as correlating spatiotemporal characteristics with those measures obtained

from Optotrak.
4.2 Method

Reachto-grasp movement patterns are stereotypical in nature and change lawfully with task
constrants and this chapteseeksto determinewhether BIGKAT would show the same pattern and
would provide the similar statistically significant results as gold standard Optotrak. To draw the
performance comparison between the two devices, participants wereunostd to reach for and
grasp two different size objects placed at three different distances from the participant such that the
farthest object would force participant to increase reach velocity and would take longer to reach and

grasp than the nearest obgt.
4.2.1Participants

Nine unpaid participants aged A5 (mean = 26, All males) were recruited for the study. All
participants were righthanded, gave their informed consent prior to participating and were naive as
to the purpose of theexperiment. None had any history of neurological deficit, and all had normal or
corrected to normal vision. The study was approved by the ethics committee in the School of
Psychology at the University of Leeds and was therefore performed in accordanctevigthical

standards laid down in the Declaration of Helsinki.
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4.2.2Materials and procedure.

Each trial was prepared by placing a wooden object at one of the three distances and the participant
prepared by holding the start position between the thumbdandex finger which was defined by a
moulded grip and was close to the table edge as showkigare48. Participants were instructed to
reach for and grasp an objethat could be located at a distance of 200, 300 or 450mm from the hand
position in the sagittal plane and can be reach with the simple extension of their right arm. Two
wooden objects of same depth (D), width (W) and height (H) but different graspif@aceusize
(determined by a wooden dowel glued on top of the object) were used as shokigune49. Dowel

size was characterized as large or small determined by its height and diameter, such that large dowel
has a grasping size of (length= 63mm, diameter= 25mm) and a smaller dowel hapiagysize of
(height= 53mm, diameter= 15mm). Participants were told to grip the object by its grasping surface
with their thumb and index finger. Each participant performed 10 trials at each distance and object

size combination, resulting in a total of Gals.

4

Figure48: BIGKAT and Optotrak recording IRED movement, simultaneously, while participant sits on a chair and perform
reaching movements to grasp objects, placed at three different target locations, in the sagittal gtanthavsimple
extension of the arm. All values are in mm.
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63mm

Dowel H H

W W
Figure49: Two wooden objects having base of same dimension but differ by dowel size affixed on top of the base.

Data acquisition was completed by both Optotrak and BIGEnd was initiated one second before

GKS My\E26KS SELISNAYSYGISNDRDa OSNbBEE adl NI O02YYFYyR &
g a G2 NBFOK FyR 3N} &L GKS 202800 G GKS a3z2¢ ax
infra-red emitty 3 RA2RS 6Lw950 G2 SIFOK LI NIGAOALNI yiQa & NR
time, similarly, grasping responses were recorded by attaching-iattamitting diodes to the distal

joint of the index finger and thumb and measuring the distance betwdthem. Both Optotrak and

BIGKAT recorded movements at 60Hz for 5 seconds. An R package was designed to extract and filter

(2" order Butterworth,”Q p @d) 3D positional data of each IRED and other relevant information

like frame rate, data and timeyser and system comments etc. from the binary files recorded by

hLIi20NI 1 ol O kxetdd 0di.lS Ry DR8I dA0Hy &ONA LI @SR G2 S
4.2.3Data Analysis

A 2x3repeated measureanalysis of variance with factors grasp surface size (danra@é) and object
distance (200, 300 and 450mm) was used to evaluate the differences between BIGKAT and Optotrak
for all calculated kinematics. Five dependent variables Movement time (MT), Maximum Grip Aperture
(MGA), time to MGA (TMGA), Peak Velocity éPd)time to PV (TPV) were extracted from the filtered

3D positional data from both devices. To determine the correlation between BIGKAT and Optotrak,
linear regression analysis was also carried out between corresponding measures. All data analysis

procedues were carried out in R.

Movement time is defined as the temporal difference between movement onset, which was set at the
point when the wrist speed exceeds 50mm/s, and movement offset when wrist speed decreases
below 50mm/s which determines the end did trial. The distance between the thumb and index
finger provides temporal changes in IRED position, in anticipation of the intended grasp size and are
dependent on the shape of the object, thus maximum distance between the thumb and finger
provides the maximum grip aperture (MGA) and its time of occurrence (TMGA). Similarly, hand

transportation (trajectory of the hand) speed is influenced by the distance between the start point
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and the object and is determined by tangential speed of the IRED attachbd terist thus providing

peak velocity (PV) and its time of occurrence (TPV).
4.3Results

Figure50 shows the trajectory profile of each IRED for the whole duration of each #teaghasp
movement as captured by BIGKAT and Optotrak. The trajectory profile was averaged across all
participants while reaching for objects places at three different distareeb grasping objects of
different grasp size. The movement trajectory obtained from BIGKAT follows the trajectory obtained
from Optotrak, but it still needs investigating how well spatiotemporal characteristics correlates for
both devices. For this purpestwo-way analysis of variance was carried out for each spatiotemporal
measure todetermine how well BIGKAT can extract important kinematic features (presented in detail
in next section). It is evident from tHegure50 that movement duration increases by increasing the
distance between the object and start point, hence, participants move faster for the farthest object
by increasing the wrist velocity thus causing T@¥ccur later in the movement as shown in reaching
movement profile Figure51a). Similarly, grip profile varies with grasp size such as smaller grabbing
size requies greater precision during the gripping phase, while larger grasping size lowers spatial

accuracy demands while allowing for a faster movement and wider MGA as sh&iguia51b.

200 300 450
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Figure50: Movementtrajectory averaged across all trials and particpants for objects of different grasp sizes placed at three
different distances as captured by BIGKAT and Optotrak.
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Figure51: a) Mean wrist velocity b) Mean grip aperture averaged across all trials and factors extracted by BIGKAT and
Optotrak

4.3.1Movement time

Optotrak reported that movement duration increased as object distance increa®@dfp ¢

T ® ohy m8inmip 18 x)gsuch that on average longer MT was obtained for further objects

T VATAGI X WTY Tig than for the nearer objects¢ MATAG® w YT pid TATAE® @ p

T ¢i¢. Similarly, MT obtained froBIGKAT positional data showesignificant main effect of object
distance™Oclp @ T @rchy mEimmp T® mMpagain with participants taking longer to reach
farthest objects (450mmt& ¢ @ @ T it than those placed at 200mmm® o wT® pit and
300mm 1 T o T pi@. Posthoc analysisTukeyHSD) on both the Optotrak and BIGKAT data
revealed significant differences between the near and far objects and the middle and far objects, as

shown inFigure52a, but no significant difference was found betwedistance200 and 300mm
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ANOVA analysis showed that MT was not significantly affected by grasping surfacepsiteak
Ophp p& thy ™t T18ip)cand BIGKATOphy p® ofip m@r - 18t p)oas
shown inFigure52b. It can be seen from th€able8 that MT is slightly, but not significantly, higher
for smaller grasping surface size & ¢iffi i 0 ¢ orip @ QTP oidd OOV K'Y @ T oic than
large grasping surface sized @1 g® 6 ¢ o G QTP ¢ifB "O"0L WYYt wrP piv. No

significant interaction was found between distance and grasping size.

12009 e e 12004 0 e

1000

1000 1

800 1 800 1

£ B
= 600 - = 600
= =
= =
400 4 4001
2004 2004 Device
<= BIGKAT
=0 OPTOTRAK
0 0
200 300 450 Large Small
Object Distance (mm) Grasp Size

Figure52: Both deviceshowsimilar significant results for MT a) object distance shows significant main effect and b) grasp

surface size showimp effect on MT.

4.3.2 MGA and time to MGA

MGA was larger for the object with the larger grasp surfacesd Ggfi f 0 & Api @orQr

BT AL AP 000 B @Y 0 UX& Wipd , & i RO ¢ oud BETEX

w8t PGP O OL @ & p UK pdott as shown irFigure53b and Tablel, and this significant

main effect was captured by both Optotralophp v § ¢ i e 18 ¢)@andBIGKAT
Ophp @@ xfip mBunip- 1@ 1)xPosthoc analysis revealed large effect size (BIGKAT
1.955; Optotrak 1.872) between two grasp sizes. However, MGA was not significantly affected by
object distance as reported by OptotrakOclp @ 18 @y T8t b~ 181 Muand BIGKAT
Oclp @ T Ym Tmdrh- 18 m)cas shown irFigure53a. No significant interaction was

found between grasp size and object distance.
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Figure53: a) shows no significant effect albject distance for MGA b) grasp surfaize significantly effected MGA as found
by both lowcost and expensive optical motion capture system.

However, TMGA was found to be affected by object distance, causing it to occur later in the movement
as distance increased: 450mnd "O"00 B wTPT WP O "YU "YY& & @ 1 TiX, 300mm

6 "O"0L WYY ¢ TP CiTh 0 "YU "YYd p T 1 CiT, 200mm 6 "O"0L WY X

™ oitP 0 "YU "Y'Y@ @ wr® oit. ANOVA showed significant main effect of object distance for
both devices 6 ‘000 6CYp @ v ®pM ™ & @)yand U 1 6 &€ SOchH Q

T8 ol mdinp T8 o)o Posthoc analysis revealed significant differences between all
distances except between 200mm and 300n#igQreb4a) for both devices A low sample size might

be the reason for the lack of significant difference between the near and middle distances.

Time to MGA remained unaffected by different grasping suefsizes, whered "0°00 SO
minhy ™™ie-  e®Q )and § 0 YO Y'Y ®ghp oy ™h-  ugQ ) showed
no significant main effect. In fact, average time to MGA was almost equal for both graspB)@size

shown inFigure54b. No significant interactions were found between distance and grasping size.
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Figure54: High end and loveost optical motion capte system producing identical results for TMGA by a) object distance b)

grasp size. Both plots show SD around mean.

4.3.3Peak Velocity and time to Peak Velocity

Figure55a shows that participants typically reached greater wrist velocities when moving to further
targets but did not increase speed sufficiently to prevent longer movement durations. Object distance
had a significant main effect on the reaching movement (OpfotrOcip @ p x&p

mMtnip T T xand BIGKATOGIp ¢ po® iRy m8inmp 718 o osuch that peak
velocity increased with increasing object distante800mm: & "O°0U § ¢X@pu o p o X KT

(o YO "YYuéd p op eBavboari | 450mm: 6 "0"0UL P BYX @ WR YPapar

im0 Y0 "Yp&ulpe p¢ p& o ali . Posthoc analysis revealed significant differences
between all object distances. Grasp surface size showed no effect on peak velocity as captured by
Optotrak "Oplp T@T B ™WIH- pPd Q@ and BIGKAT "Ophp m8rtt (K

™o ¢ ® and shown inFigure55b. No significant interactions were found between

distance andyrasping size.
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Figure55a) object distance shows significant main effect for PV and b) grasp size shows no significant effect as computed by

both devices. Both panels show SD around mean.

TPV was likewise influenced by objecttdice ¢ 0000 ¢ ¢ @ o T8 Tifp

T8 o,Optotrak:’Oclp @ ¢ @ Y ™8t 1 Y xas shown ifFigure56a. TPV occurred
later in the movement as distance increased: 200mm: 6 "O"0OL T YT X
8t oif 0 YO "Y'Y@ @ p @t tix, 300mm: 6 OO0 WYY Y@t Tid) O YO YY® ot o
T8t viv, 450mm 6 "0"0L YK ¢ TBT PIdP O "YU "Y'Y@ p mdt vig TPV was not affected by
the grasping surface size: Optotralophpy p& ohp 18Tt B~ 1181 p)@nd BIGAKTOphp

C® WR T8 b- T8t ¢ @s shown iFigure56b. No significant interactions were found between

distance and grasping size.
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Figure56: a) showssignificant effect of object distance f@PVb) grasp surfage sizeshows nosignificant effecfor TPVas

found by both lowcost and expensive optical motion capture systBath plots shows SD around mean.

Table8: Quantitative assessment of reatrgrasp movements captured by BIGKAT aptbttak, simultaneously. All

values are presented with mean and SD summarized across all participants and trials.

] Grasp Distance  MT(s) MGA(mm) TMGA(S) PV(mm/s) TPV(s)
Device
Size
200 e ™MT Y@ wehpe TWWwTMT VG pCPT TW G THIU
Small 300 XM TG YR w @3te ™M ™G wpEkp poPu ™ o T8I @
450 T T YFwpBL X T pp @D pYdre 1Y m8rX
BIGKAT
200 THC MWw WBYX Ppw TWYPTPC DX 0P ¢ T 1T T8t O
Large 300 T TP WL XHO ™MT ¢ YYPhpwpcapTm T 0 T8I T
450 TP T oY TWE MO pp@W CPHP TP TWU
200 T™C T YPo x& ¢ ™YLV Qc8Ip PTPQ T8 W T8 @
Small 300 T Q@ T ¢ YBro o X ™ T T ¢ WwoeRPYT p YL T T T8 @
450 T T T pa@op8 T T PC@EpPT CMBIw TWU TELQ
Optotrak
200 WY Mo 0Bl o w ™ @ ™ q OT&T pTI®UL ] X T8t o
Large 300 T O M WB @ XBT ™M¢ Mo wi&yY podpp T 1T T8 U
450 e MT WUV MWPT "o T PRI CIPY TWO TEU
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Spatial and temporal characteristics of prehensile movements vary with respect to the task constraints
such that transport component are effected by the object distance causing PV to increase as well as
causing PV to occur later in the movement; simildasge grasp size lowers spatial accuracy demands
while permitting a faster movement and hand opens up to a larger MGA and smaller grasping size
demands higher precision during grasping phpHe [139], [141], [145], [241]For the exact same
purpose, in this chapter object distancedgrasp size were egaried to observe prehensile behaviour
FTNRY (KS LRaAdGAzZzylf RIFEGE 2060FAYSR FNRY hLIi2dNI |
obtained from BIGKAT. Analysis showed that BIGKAT can successfully reveal spatiotemporal
charaderistics of reacHo-grasp movements being manipulated by the task constraints and even
when the movements are of small duration as well. Kinematic measures extracted from 3D positional
data of BIGKAT were manipulated in the same manner as those extiagt€gtotrak data. It still

needs to be seen how these measures are related to Optotrak, hence, regression analysis was carried

out and discussed in detail in the next section.
4.4 Linear Regression analysis

Simple linear regression was used to test the strength of relationship between BIGKAT and Optotrak
kinematic measures at each level of object distance and grasping size. Regression analysis was carried
out in R, first by averaging all the kinematic vaabhcross all trials of every participant for each
object distance and grasping size. Linear model function was used with 95% confidence region for the
regression fit and visualized by addmgegression line onto the scatter plot providedte W3 3 LI 2 G Q
package. Linear model function providem equation of the fitted line, ceefficient of determination

(Rsquared value) and-palue and were printed on top of each plot.

The principal goal of kinematically analysing reacigrasp movementswastsss a4 . LDY! ¢ Qa | ¢
to characterise the constituent components of prehensile movemepésformed in its workspace

determined in chapter 3. Having established the fact within the previous section that BIGKAT can
detect statistically significant differensebetween kinematic features of reatb-grasp movement

2dzad Fa GKS WwW3I2fR adl yRFNRQ hLIWG20NI 12 GKA& &S00
measures from two different devices are related to each other. Multiple linear regression analysis was
performed between all of the retrieved kinematic variables (retmigrasp movements) across all

trials, for each grip size, and for various object distances, for precisely the same reason.

Figure57 shows the linear regression analysis for movement time during rea&gnasp movements
for different grasp size objects placed at different distandggure57 depicts strong relationship
between BIGKAT and Optotrak with nearly unity slope, lamtgrcept values, large-Bguared value

with significant pvalue. Linear model function provided the descriptive statistics about the residual
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of the model which was approximately zero. Absolute mean error was also calculated by subtracting
the mean MT value of BIGKAT from Optotrak which wad (®ai, T ¢ pmiandt &

p @ i when the objectwas at tdta, o mdata andt v dt &, respetively.

200
1.5 | y — c(0.0B05) | c(0.968)- x

300
y — o(0.0842) | c(0.934) - x

450
v—cl(0.0737) 1 c(0.964). x

2 =0.994, p=73.97e-09 2 =0.995 p=2e-08 2 =0.986, p=1.34e-09
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1.5 | v —c(0.0728)+c{0.946) - x ¥y —c{0.0669)+c(0D.965) - x ¥y —cl(0.0397)+c(1.01)- x

~=0998 p=219e-10 r# =0.995 p=207-09 # =0.983, p=283%:-09
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Figure57: Regression analysis betweklovement Timebtained through BIGKAT and Optotrak at each object distance and
grasp surface size. Grey shd&f#o confidence region.

Table9: Absolute mean diffence for all prehensile kinematic measures between Optotrak and BIGKAT

Distance Grasp Absolute mean difference
(mm) Size
MT (s) MGA(mm) TMGA(S) PV(mm/s) TPV(s)

200 TBIT QMBI TPPMCC TH¢omipn T Qupa@ oy T8I G QTEtp T
300 Large TSIT pTBIpp THWCTRTP TWIPQMIMY UV YPToDTT T8¢ OTBIP P
450 TBIT @QTBIPp T PHX TP OO T8L O L TET T Y VAT wwé@ X ¢ TBL O P T TT W
200 T O WP T TROX wpPH p @  TBIp OB TT W omMUPCRULT BTG QTP G
300 Small TToMINTw TP YMIPQ TEBI(NMWITW LVAHCEEPP W  TBIC YTBI T @
450 T UTEIPGC PP QT T WX T8 ¢ WTBT P X® pTp NGwG T8I o qTEp @

Regression analysis was also carried out on the kinematic data of the grasping component, as shown
in Figure58 and Figure59. The results revealed a strong linear relationship between BIGKAT and
Optotrak forthe maximumopening of the hangMGA)and the moment at which it occurrd@MGA),

with a high Rsquared vale, a low pvalue and an almost unity slop&dditionally, the absolute mean
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MGA error was calculated. Flargegrip sizes, BIGKAT MGA values differ from Optotrgs@oyw ¢
p8t 0 @ &, whereas for small grasp sizes, it differstidp Q) x @0 T @da. The TMGAerror shown
(Table9) that BIGKAT can detect thmccurrenceof MGA a little later than Optotrak; foobjects
positioned at 200mm, 300mm, and 450mm, respectively, differences arep U «® G i, p Y

yd aiando ¢ p T i.

200 300 450
y=c(2.84)+ c(0.975) x| | ¥y =¢c(4.58) + c(0.958) - x| | ¥y =c(7.77) + c(0.935) - x
150
rF=0.993, p=987e-09 || =0.987, p=7.75e-08 | | r’=0.984, p=1.52e-07
100 o
I
353
50
-
§ 0
(&) . [ . .
m y=c(10.1)+c(0.887)- x| | y=c(5.26)+c(0.943)- x| | ¥y =c(1.77) +c(0.993) - x
150
rF=0.988, p=6.37e-08 | | °=0.981, p=2.86e-07 | | r*=0.996, p=1.75e-09
100 @
2
50
0

0 25 50 75 100 1250 25 50 75 100 1250 25 50 75 100 125
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Figure58: Regression analysis betwedfGA obtained through BIGKAT and Optotrak at each object distance and grasp
surface size. Grey shade 95% confidence region.
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Figure59: Regression analysis betwe@MGAobtained through BIGKAT and Optotrak at each object distance asp gr
surface size. Grey shade 95% confidence region.

Likewise, kinematic measurements of reaching component, PV and TPV, from both devices were found
to be linearly correlated at each level of object distance and grasping size as sheigar#60 and
Figure61. However, object placed at v dt & was recorded to have the lowestdguared value (but
significant pvalue) among all kinematic variables and PV error was also large® x w

p & 0@ GTi  than the nearest objects¢ Matddo @ v Yp @ T & a7 o aady @ @

T & o@ At , as shown in table.
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Figure60: Regression analysis betweBNobtained through BIGKAT and Optotrak at each object distance and grasp surface
size. Grey shade 95% confidence region.
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Figure61: Regression analysis betwe€RVobtained through BIGKAT and Optotrak at each object distance and grasp surface
size. Grey shade 95% confidence region.

Regressionanalysis between quantitative prehensile measures obtained through BIGKAT and

Optotrak at eachlevel of object distanceand grasp surface size showed that spatiotemporal
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characteristics extracted through 3D positional data of both optical motion capture systems are
linearly correlated with a large coefficient of determinationggiared), low yintercept and almost

unity slope.Results shows a linear relationship between both devices and it is evident that the
kinematic measurements were strongly correlated except for one outlier present in PV measurement
Figure60, while making reaching movement towards object placed at 450mm. Regression results
suggest that lowcost, portable, easyo-use BIGKAT can capture comparable prehensile movement

patterns to those recorded by the more expensive giatory-based Optotrak.
4.5 Discussion

The prehensile kinematic features extracted from 3D positional data showed that BIGKAT can
successfully capture all spatiotemporal characteristics being manipulated by the task constraints in
this study, leading to the equivalent findings in terms of tife@s of task manipulations on kinematic
measurements obtained via Optotrakinear regression analysis measuring relationships between
both optoelectronic systems revealed highly correlated kinematic measures as sh&iguia57 to
Figure6l. BIGKAT kinematic measures are in good agreement with those obtained from Optotrak
showing that the measured changes in reaching and grasping component due to the task constraints
reflects BIGKAT potential of resolving coordinated and controlled movement successfully. Based on
the evidence from statistical results, showrFigure52to Figure56, has strengthened our confidence

that the portable Jow-cost, and useifriendly BIGKAT may be used on a large scadtuty andanalyse
reachto-grasp movements in laboratory and ntaboratory contexts as a result of such tightly linked

outputs from two distinct devices looking at the prehensile movensémultaneously.

In general, Bquared values of all measured kinematic variables were very high indieesingng
relationship between Optotrak and BIGKAT 3D positional data and produced small positional errors as
well, see table 2. Spatiotemporal chateristics of reachto-grasp movement was found to
correspond well with the calculated value of the same movement by-gfalddard, researcigrade

and expensive optical motion capture system, Optotrak. In other words, sequential movements
recorded with BIGAT can resolve IRED trajectory accurately, precisely and can produce comparable
results as obtained by Optotrak. Thus, enabling researchers to quantitatively analyse upper anm reach
to-grasp movements and/or helping neurologists to keep track record etratment progress by

providing them with objective measures.

For this study only healthy participants were recruited amavements from healthy subjects are less
variable than thoséndividuals suffering from neurological disorders who exhibit slowsrgressive
hesitation/halts, scaled in both the amplitude and time domains as movements are contjhidgd

[152]. It can be challengo to unbld the coordinated and controlled structure cfequential
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movements ohealthy individuals since they can reach objects quickly and change their grip aperture
effectively. Furthermore, it has been demonstrated (see results) that BIGKAT was abldraot
spatial and temporal measurements atcordancewith Optotrak and thatBIGKAT has delivered
statistically significant outcomes that have previously been documented in literdtitezature also
investigates the discriminative ability of motion ptare system by kinematically analysing
sequential/repetitive/simultaneous movements of neurologically disabled and healthy controls and
to understand how such systems can be helpful to neurologist for diagnostic and to keep track record
of improvement maé during treatment. Hence, nexthapter investigatesBIGKAT's performance
against gold standard Optotrak by simultaneously analysing spatiotemporal characteristics of

repetitive finger tapping movement made Barkinson's patientand healthy controls.
4.6 Conclusions

This study highlights the potential usage of the Boxed Infrared Kinematic Assessment Tool for studying
reachto-grasp movements in laboratory and clinical settings. The results of the investigation using
BIGKAT are similar to those reportedtie previous literature and were successfully validated against
the researchgrade optoelectronic system, Optotrak. The strong correlation between the two devices
Aa SOARSYOS F2NJ 2F . LDY! ¢Qa I LI A Ol obimbveriedts | y R

performed within its workspace.
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Chapters: PerformanceComparison oBIGKAWith Optotrak

for KinematicAnalysis oRepetitive Finger Tapping Movement
of PD Patients and Healthy Controls

5.1 Introduction

The prevalence of Parkinson's dise@B) is rising on a global scale. PD, a chronic neurodegenerative

ailment, is characterized by slow voluntary movement, which is the most significant functional

disruption in patientd242]c[244]. Generally speaking, thiyndrome is known as bradykinesia. The

motor phenotypic spectrum also includes tremor and muscular rigjd#$]. Bradykinesia and other

motor symptoms appear to be linked to a progressive loss of dopaminergic neurons in the substantia

nigra, even if it has not been possible to pinpoint a single underlyitfgpphysiologic process that

accounts for everythingb9]. Bradykinesia is the condition's primary motor symptom, but there are

currently no widespread, everyday applications for wearable sensors to mon[@0]itTo quantify

the condition objectively, new technologies are urgently needed. Typically, clinicians employ

establishedclinometricmeasures ke the Unified Parkinson's Disease Rating Scale {(MEZERS) to

assess and quantify the motor clinical characteristics of Parkinson's diseasf24BDHowever,

subjectivity and intewrater variability influence clinical assessments. As a result, the PD medical

community is seeking for an easy, affordable, angartial solution that can be deployed on large

scale[246]. Chapter 4 demonstrated that BIGKAT is suitable for studying#teagtasp movements.

This chapter expands this by assessing BIGKAT's ability to quantify measures related to Parkinson's

bradykinesia using videos afiler tapping by healthy and clinical population.

One of the major aims of this study wasKkimematically analyse the repetitive fingeapping (FT)
movements using BIGKAT and OptotrdkSy OS> (KA & OKIF LJGSNJ aSdta 2dzi
performance whi¢ kinematically analysing repetitive fingepping (FT) movements made by PD
patients and healthy controls. It was accomplished by recording finger tapping (FT) movements and
extracting features like rhythm, speed, and amplitude decrement from the 3DoBifigmal data
obtained by a researcprade Optotrak system, which will serve as a gu@hdard for our
inexpensive, portable, usdriendly optical motion capture system. By conducting correlation and
regression analyses between the quantitative measuweata collected from the two devices, it seeks

to compare BIGKAT performance against OPTOTRAK in a task other than prehension, thereby
maximising its potential use in largeale, routine clinical settings.

5.2 Method

The number of samples needed for suchise control studies is based on the required level of
confidence (95%), the proposed power of the study, prevalence rate and the assumed number of

patients and controls in similar studig7]. It was calculated with the following formula
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Where n is the number of samples, and for this study z is the confidence level of 95% (level of
significance grvalue of 5%) and d is the 22% margin of error (78% power of the study) is acceptable.
Using equation i with these values the sample size is B84ch rounded up to 20. Finger tapping
Y2@SYSyYyld 2F oy KIFIYyR&a O0AYyOfdzRAY3 tSTG FyR NARIKGO
patients and 9 healthy controls. All participants gave their written consent to participate in the study
and was pproved by the Health and Care Research Wales (HCRW), United Kingdom Health Research
Authority. All patients were diagnosed with PD and were recruited from Leeds Teaching Hospitals NHS
Trust, United Kingdom. Control subjects had no history of neurologisahse or medical condition
associated with movement impairment and were the companions of patients or university staff.
Participants were instructed to repeatedly tap their index finger on the thumb as quickly and as wide
as possible, while Optotraénd BIGKATecorded FTmovement simultaneously. Infraed emitting
diodes (IRED) were attached on the distal phalanx of the thumb and index fingertip. Each participant
performed FT movements eight times for a duration of 17s, four for each hand and eachvhand

tested separately and movements were recorded bytilie optoelectronicdevices at 60Hz.

5.3 Data Analysis
Data acquisition was completed by both Optotrak and BIGKAT and was initiated one second before

0KS M\E2EKS SELISNA YSyY (i RNIBE KNS (0 g Ly SG2 aRéy |y F
was to repeatedly tap their index finger on the thumb as quickly as possible and at maximal extent
ORA&GIYOS 0S06SSYy FAYASNI I yR GKdzyoo FG GKS a32¢
infra-red emitting diodes to the distal joint of the index finger and thumb and measuring the distance
between them. An R script was designed to extract and filt&rgi@ler Butterworth,’Q p d) 3D

data from the binary files recorded by Optotrak (availadoeGitHub)240]. 3D positional coordinates

were extracted from BIGKAT recordings using BIGKAT video analysis software. These 3D coordinates
were then kinematically analysed to study movement patterns e.g., IRED velocity or distance between

IREDs for the whole movement diion.

3D positional data produced by both devices were used to calculate the absolute distance between
the thumb and finger using equation ii, and the tangential speed was calculated from the resulting
time series. Trials were then cropped from movemenset, which was set at the point when the
speed exceeds 50mm/s, and movement offset was determined when the speed decreases below
50mm/s. The resulting distance series, from both devices, were then aligned according to the

movement onset.
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Equation ii shows that distance series was calculated by subtracting the position of thumb and finger
along each axis where a represent thumb and b represent finger. The resulting distance series was
normalized across atfrials and is transformed linearly using mirax normalisation. Using this

method, all scaled data within the range (0,1) is obtained and calculated using equation iii.
. W w
Y S — iii
w w
Figure shows the normalized distance between thumb and finger which was calculated by
subtracting the current value from the minimum value and then dividing by the difference between

the maximum and minimum distances.

a Distance between Thumb & Finger (mm)
1.00 A
0.75 4
0.50
0.25 RN
0-00- T T ‘ ' T ’ \ T ‘ T \ T
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b 1.00
— BIGKAT — OPTOTRAK
0.75 4
0.50
0.25 - ) ' ‘
““‘\"""' "‘""' = .
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Time (s)

Figure62 Normalized distance between thumb and finger as obtained from BIGKAT and Optotrak, simultaneously. a)
Healthy Control b) PD patient

Three characteristics of the resulting fingertip to thumb tip distance time series were determined to
reflectthe speed, amiitude, and rhythm of clinical finger tappiag per MBRS and MM DRS scale.
The average rate of change of the normalised distance between the tips of the fingers and thumb over

time was measured as a measure of spaad calculated using equation iv and

. Yool
[ - iv
0 O
, p .
w - w v
e p
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Decrease in amplitude is expected as the movements are continued, and PD patients show large
variability towards the end of the trial than healthy controls. For the exact same purpose, amplitude
variance was calculated by dividing the normalized distéet@een thumb and fingertip times series

for each trial into 1s windows to extract maximum and minimum amplitude values, which were then
used to calculate the coefficient of variation within each window. To extract amplitude variations, a
customized functin was developed in R, pseudode shown below, which accept normalized
distance and time series as input argument and output two arguments coefficient of variation within

each window and standard of deviation of the peaks.

/I Calculating the features otie amplitude
function [Output 1,0utput 2] = Extract_ AmplitudéArgument OngArgument Two
/I Inputs: Argument One: the input signal, Argumdiwo: the time index

/I Outputs: Output 1: the Cefficient ofVariationof the energy within each window, Outpt the std
of peals

Subtracingthe mean of argument one from argument oteeremove the dc component
Find peaks and their occurrences from both input argument u$ifgA y Rfud&tibn] & Q
Save all peak i LISVarialtde
Set energy listto 0
Set window length to 60 to make a one second window
For each window length
OUTPUT difference in maximum and minimum value
Store difference value in energy list
ENDFOR
Calculate the coefficient of variation of energy list
Store the esult in output 1
Calculate peak differentiation
Calculate standard deviation in peak
Store the result in output 2
END
A third measure, rhythm regularity (differentiating regular rhythm from irregular rhythm) was
calculated by taking the Fast Fourier igBorm of each normalized distance. To find the distribution
of frequencies inside each finger tap time series, and then evaluating the power of the dominant
frequency peak added to the power of the frequencies 0.2 Hz each side of it. The Fast Fourier
Trarsform of an irregular rhythm would produce a widely spread frequency distribution reduces the

power of the dominant frequency band, whereas the Fast Fourier Transform of a more regular rhythm
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will create a narrower frequency distribution subsequently imsiag the power of dominant

frequency as shown iRigure63.

a Frequency Distirbution
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o
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Frequency (Hz)

Figure63 Fast Fourier Transform of the normalized distance between thumb and finger. Blue dotted line shows dominant
frequency peak. a) Narrower frequency distribution by healthy control b) wider frequency distribution by PD

function [yf , f] = Dofft( Sig , Fs)

% Calculating the fast Fourier Transform of the signal

% Input:

% Sig : the input signal

% Fs : the sampling frequency

% Output:

% yf : the FFT of the signal's envelope
% f : the frequency index

Store the length of signalxlen < length(Sig);

Remove the dc component by subtracting the mean  Sig-#rgign(Sig);

Calculate the next higher power of 2 to optimize fit NFRX"<nextpow2(xlen);

Compute the Discrete Fourier Transform yffi(Sig,NFFT) / xlen * 2

Take the absolute value for whole series ydks(yf(1 : NFFT/2+1));

Find the frequency index for the whole sequence Fs/ 2 * linspace(0,1,NFFT/2+1);
END
Three finger tapping features were extracted from the 3D positional data obtaindzbiyoptical
motion capture system (BIGKAT and Optotrak) to describe the characteristics of the movement
pattern. The next section presents the statistical analysis adopted for the assessment of FT and is
divided intotwo sub-sections. Firstly, quantitattymeasures were calculated from the positional data

obtained by Optotrak. And then ongay analysis of variance was used to find statistically significant
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differences between factor group (PD patients, healthy controls) for three FT featseesndly
correlation and regression analysis were carried out between the quantitative measures computed
from low-cost, portable BIGKAT and hi§ly R> SELISYyaA @S hLIi20dNI 1 FyR (KS

potential usage in large scale, routine clinical settings.

5.4 Results

5.4.1 Quantitative assessment via Optotrak
Oneway ANOVA showed a significant main effect of gro@plp  p p @Upfpy 18t Tt

&8 ¢ dor amplitude variancas shown irfFigure64(a), suggesting largamplitude variability among
PD patients 0 Q@& 1 i ¢RY XYt ¢ p x o vthan healthy controls O ‘QTR® w T
™ TRY X x v ™ ¢ G Analysis of averaggpeed showed a significant main effect of group
Opfp pt drx mEtnfp 8o P psuch that average speed of healthy corgralas much
higher 0 Q&0 @ ¢ p eFrpatafi NY XX g v v p e papafi than PD patients

0 QEEOd T T p T AT NY QXS o T p c&weegafi for both hands combined as
shown inFigure 64(b). Factor group also showed a significant main effect figthm regularity
O 1 p U @ T & ¢ psuch that rhythm (total power in the signal) was more regular
for control 0 Q& v T TP EAWATOA)Y "AWYHp 1T p & MCoATOAa than PD patients
0QWE® 1 ¢ T XKATOA)Y XD 1T o PpaTOa. Posthoc analysis showed a
significant difference between both groups) T8t 11 T @8 shown irFigure64c.
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Figure64 Kinematic features of finger tapping speed, amplitude and rhythm, computed from the 3D positional coordinates
produced by Optotrak for both PD patient and Healthy controls and for each hand.

5.42 Correlation & Regression analysis with BIGKAT
The primaryobjective of this section was to compute correlation and regression analysis between the

FT features measured by both optical motion capture systempuse BIGKAT and gold standard
Optotrak. In line with the results obtained in the previous section,d@pk has shown the ability to
quantify repetitive FT movements of healthy control and PD patients, hence, significantly
discriminating between the two based on amplitude variance, average speed, and rhythm regularity.
Therefore, determining the strengthf eelationship between BIGKAT and Optotrak will shed light on

the ability of BIGKAT to do the same. In a manner, can FT features extracted from 3D positional data

of BIGKAT successfully capture repetitive FT movement? Therefore, rather than findingasignifi
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differences between groups, this section sets out to determine the strength of relationship by

performing regression analysis between the kinematic measures of BIGKAT and Optotrak.

A inear model function was used with 95% confidence region for thgeession fit and visualized by
addingaregression line onto the scatter plot provided ¥\A 3 L#icRaje®he inear model function
providedthe equation of the fitted line, ceefficient of determination (Rquared value) and-palue
and were printed ortop of each plotFigure65 shows regression analysis for the amplitude variance
obtained through BIGKAT and Optotrak, healthy controls showed strong correlatiorangéh R
squared value Y C®E@ iR 1och] T mpQ @Ed 1o p) T8 T T put PD
patient showed low Rquared value Y'X®MDedR 1@ py @D QWL

™ Y 18t Tt 1 gue to the outliers present irhie PD data, as shown Figure65.
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Figure 65: Correlation and regression analysis between BIGKAT andr&ptior amplitudevariance showing linear
relationship

Similarly, correlation and regressi analysis for average speed was determined as showv#gimre

66, which depicts a linear relationship between both devices at each level of hand and patient type. It
depictsa strong relationship between BIGKAT and Optotrak with nearly unity slope,-iotergept
values, large Rquared value with significantyalue. Linear model function provided the descriptive
statistics about the residuals of the model which weggproximately zeroLarge Rsquared values,

but significant pvalue was obtainedbr both right 6 ¢ & odff ¢ a® ol 18t 1T PR O "GO & O
o) T8t mpeand left hand 6 € ¢ odf ¢ GW@oohp 1@ PO O GQE ddo Tth)

81 T TL.P
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Figure66 Correlation and regression analysis between BIGKAT andr&kpforaverage speedhowing linear relationship
a) Full data b) variance considerably reduced after removing outliers

Likewise, correlation and regression analysis of rhythm variability from the 3D positional data
(normalized thumb to finger distance) from both devices were highly correlated with each other for

both right 6 é ¢ odf ¢ a@chy mMWinMpOEdQ m iy minmnpeand left hand

6Etod ¢ agump T TTIPOO GQE & Y T8 T T as shown irFigure67. Low k
squared values were du@t G KS 2dzif ASNBA 6KAOK 6SNB ARSYGAFASR
RAAGFYOS 6KAOK gl a F2dz2NJ GAYSE GKS FF@SNY3IS /221 Q3
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Figure67: Correlation and regression analysis between BIG&nhd Opttrak forrhythm regularityshowing linear
relationship a) Full data b) variance considerably reduced after removing outliers
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5.43 Detecting and Removing Outliers
Outliers were identified by measuring the C@hHkistance which determines the influence of a data

point by consideringn observation's leverage and residuals values that may alter the outcome of
regression. Leverage and residual values from each observation are combined to determine the Cook's
distarce, the more the leverage and residuals, the greater the Cook's distance. Wheiththe
observation is taken out of a regression model, the Codiktmnce measures how much the model
changes. A typical guideline is to study any point that is greater than the threshold which is four times
the average distance of all the pointSix observations were detected as outlierghie amplitude
variancedataset as shown ifrigure68a, ten observations were detected in the average speed dataset

as shown irFigure68b and six observations were detected in rhythm regulatgityaset as shown in
Figure68c. Some of the observations were repeated inthtee datasets, so, a total of 14 trials were
ARSYGAFASR a 2dzif ASNBR KI @Ay3 [ 2/27 DipciadRds afialt y OS

other data points.
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Figure68: Red line showbservations withthe/ 2 2 { Q& vRlUesiakdestiBgXhe threshold are considered outliers and

are shown for all three datasets; a) Amplitude variance b) Average speed, c) Rhythm regularity. Blue points show detected
outliers and labels shows row number as they appear in @adhit can be seen that observation number 89 appear in each
dataset.

Figure69 shows all fourteen trials that were detected as outliers, seven of which are from PD group
and remaining seven from healthy controls. Each plot shows normalized distance between thumb and
finger plotted over time to examine the underlying reasons of the lesg&ared values in regression
analysis. It is evident from theigure69 that all outliers can beategorized into three categories. In
categoryl, normalized distance values measured by BIGKAT are smaller when compared to Optotrak
values, a total of 5 trials frofRigure69a to Figure69e. Categony trials are not useful and need to be
excluded from the analysis. In categdtytrials lost synchronisation during recordingeavthough

both devices recorded FT movements simultaneously. A total of six figlaré69f ~ 8k) out of 152

trials were out of synchronisation, it may be due toredelays in triggering time. In categeti; one

of the devices started recording much earlier than the other device and again, it may be due to delays

in triggering of one of the devices, 3 trials fall in this category as shotiguime69l to Figure69n.
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