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Sommario

Gl i tivieA cC o n s(tincod attivitseno algoritmdi controllo ad alto livello,

utilizzati per assistere un operatore umano, durante la cooperaziongalmrho

Gli Active Constraint sono definiti nel piano preoperatorio e il loro scopo € quello

di delimitare regioni dello sg# di lavoro in cui il manipolatore pud muoversi e

incidere i tessuti in modo sicuro. Per migliorare le performance del chirurgo

durante la cooperazione, sono stati introdotti vincoli virtuali di tipo adattativo, che

adattano il livello di assistenza salbase di informazioni sul task eseguito,

sull 6hardware o riguardant. | ut ente che
esempio di impiego di vincoli adattivi e stato implementato sulla base di un

modello di Markov continuo, utilizzato per il riconos@nto online

del Il 0intenzione di un utente di allontan
una serie di ostacoli circolari. In questo lavoro vengono presentati due metodi di
classificazione per il riconoscimento di violazioni intenzionali e violaznon

intenzionali degli Active Constraint, sfruttando segnali di forza misurati in
corrispondentactdet | dehd di nterfaccia apti
(HMM) continuo, and un modello basato su reti neurali di tipo feedforward.

Entrambi gli appocci sono stati valutati su prove che prevedono Il
raggiungimento di un target o inseguimento di una traiettoria.

Durante la cooperazione, le violazioni di tipo intenzionale sono dovute ad un
moment aneo di saccordo tr a 4dlithdekvincobe che |

stesso. In genere, cio € dovuto a limitazioni intrinseche del manipolatore, che non

i n grado di adattar si all dazione corr el
come un ostacolo per | 6esecuziazonne del |
intenzionali sono causate da errori acci

task, nonostante il vicolo sia correttamente applicato. In genere, gli Active

Constraint sono classificabili in base alla loro finalitd co@@dance Constraint



cioe vincoli impiegati per guidare il movimento del manipolatore lungo
determinate traiettorid®egional Constraintcioe vincoli impiegati per delimitare

i movi ment i del robot all dédinterno di re(
considerati entrambe tgologie, che sono state implementate sulla base di una
geometria planare, secondo un modello viscoelastico.

I segnali di forza misurati, sono stat
validazione di tre classificatori: un modello di Markov continuo basafio

modulo della forza di interazione; una rete neurale basata su variabili statistiche

estratte dai segnali di forza; una rete neurale basata sulla distribuzione di energia

del segnale di forza su differenti livelli di una decomposizione Wavelet. Per

| 8ecuzione delle prove,  stata impiegat
(Sensable Technologies, Incl) sistema di controllo e stato implementato

utilizzando librarie compatibili con la piattaforma di calcolo Matlab/Simulink

R2014b. Il feedback vigo € stato fornito tramite uno schermo. Per valutare le

performance di classificazione sono stati considerati due blocchi di prove:

- Al nsegui mento di una traiettoriao. Al
| 6i nterfaccia | ungo un auratomessibdet t or i a
aiutato da un vincolo di ti po Agui dan

alcuni ostacoli circolari posti lungo il percorso;
- ARaggiungi mento di un targeto. All dut
cursore in modo accurato sui puntig@tr visualizzati chezon probabilita
del50%gi acci ono all 6interno di una regi
E stato chiesto a 12 soggetti di effettuare 10 prove per blocco. Il segnale di forza
e stato misurato per estrarre i diversi segmenti di interazlnero, che sono
stati successi vametentiomalo e toi cfhred mabdt hd & rozanieo
seconda di dati di posizione di ostacoli/limiti regionali. Dalle prove di tutti gli
utenti, sono stati costruitd.i due set

supevisionato. Ciascun set € stato ulteriormente diviso in un set per



| addestramento (50%) ed un set per | a v
stati applicati ad entrambi i set di dati. Le performance dei modelli sono state

valutate in termini di gesitivita (YQe specificita™r, ot tenendo | dand:
delle curve ROC nel tempo. Poiché abbiamo ritenuto che, in uno scenario
applicativo reale, sarebbe piu affidabile in termini di sicurezza un classificatore

con alta specificita, e stato scelto di discretizze | 6 out put continuo
sulla base di una specificit”™ Iimpostata ¢
conseguentemente ricavato.

| risultati hanno mostrato come, in generale, le prestazione dei classificatori

mi gliorino &allooaumeviadd ® dle tempo consid
violazione, in quanto le curve ROC tendono asintoticamente al classificatore

ideale. Cido nonostante, il tempo minimo richiesto per raggiungere determinate
prestazioni e differente. In generale, il mibaléStNN e risultato il piu veloce

rispetto al modello HMM, che a sua volta € piu veloce del modello SpNN. Per

prove di inseguimento di una traiettoria, tutti i modelli sono in grado di
identificare violazioni intenzionali con una sensitivita che supe@@%, in un

intervallo di tempo minore di un 1s. Per prove di raggiungimento di un target, i

model | i St NN e HMM raggiungono prestazio
violazione, mentre il modello SpNN richiede un tempo maggiore di 2s. Possibili

svilupp futurdi i ncludono | a valutazione di
del classificatore per modulare il livello di assistenza in base alla probabilita

associata alle diverse intenzioni del | 6u



Abstract

Active Constraints (ACs) are higavel control algorithms that are deployed to
assist a human operator in maachine cooperative tasks. Active constisane
preoperatively computed to define regions of the workspace within which it is
safe for the roboto move and cut. To enhance the performance in cooperative
surgical tasks, adaptive constraints have been investigated as a tool to optimally
adjust the provided level of assistaj@ecording to some knowledge of the task,
hardware or user. Ithe literature, Hidden Markov Models have been deployed
for runtime identification of whether the user wanted to intentionally leave a
guidance constraint to circumvent circular obstacles placed along the path. In this
work we present the evaluation of two classifion methodologies for the
runtime recognition of intentional and unintentional violations of ACs, exploiting
interaction force signals measured at the tool tip of a haptic manipulator:
continuous Hidden Markov Models (HMM) and feedforward Neural Netsork
(NN). Both approaches have been deployed for -fidlbwing and target
reaching tasks.

During cooperative assistance, intentional violation of ACs takes place whenever
the current action of the user is in disagreement with the purpose of the constraint,
typically resulting from environmental sensing limitations of the robotic system.
In this case, the constraint is felt as a hindrance, resulting in disturbing interaction
forces at the tool tip. Unintentional violations occur when the user shares the
purpase of the constraint and accidental errors in the task execution are made
anyway. Active constraints can have one of two purpdsaglance constraints

are enforced to guide the motion of the tool along a specified trajeRtegjonal
constraintsare enfoced to bound the motion of the tool into certain safe regions.
Both types of constraints were considered in this work and modeled with a planar

geometry, according to a conventional viscoelastic constraint model
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The measured force signals were deployetrdin and validate three different
classifies. a continuous HMM, based on the magnitude of the force signal; a
feedforward NN (StNN) based on seven statistical features (e.g. mean, variance,
energy) extracted from the measured force signal; a feedibrivilr (SpNN)

based on spectral features, yielding the energy distribution of the force signal
across different levels of its Wavelet decomposition.

The Phantom Omni (Sensable Technologies, Inc.) haptic device was used during
assisted cooperative tasks. Tdetive constraint controller was implemented on
Matlab/Simulink R2014b platform. Visual feedback of the task execution was
provided through a screen. To evaluate {aslependent properties of the
classification methods proposed, two sets of tasks wessdayed:

- Following task. The user was asked to move as accurately as possible
along different 2D splindased paths, assisted by a guidance constraint.
He/she was asked to overcome any circular obstacle placed along the path
by acting against the constrgin

- Reaching task. The user had to place the pointer as accurately as possible
on several equally spaced targets, which lay within a forbidden region
bounded by a regional constraint with 50% probability.

We asked 12 subjects to perform 10 trials for edtheotwo tasksThe interaction

force between the tool tip and the constraint was recorded, segmented to extract
nornull interactionsl m and automatically | abeled
Auni ntentional 6 violations ¢cles/,egiahi ng t o
boundariesTwo distinct datasets were built from all users across all trials for
supervised learning, each furtherly split into a training dataset (50%) and a
validation dataset (50%). The three classifiers were applied otask dataset.

The performanceof the classification methods were computed in terms of
sensitivity "Y'Q and specificity YN, vyielding the Receiver Operating

Characteristics (ROC) curvesver time for each classifierA classification

11



thresholdwas applied @ the continuous output of the models. As we believed
that, for safety reasons, it would besglable to have a classifier characterized by

a high specificity level, with high capability of detecting and rejecting
unintentional violations, the discretization threshold was computed on the basis
of a specificity level set by the operator. The sevigjtprofile was consequently
calculated.

Results showed that, in general, the classification performances of each
methodology increase as the violation time wideatd the ROC curves
asymptotically tend to the ideal classifier. However, the minimum inténae
necessary to reach a required performawes different. In general, StNN
methods are faster than HMM, that, in turn are faster than SpNN. For path
following tasks, each classifier is able to detect intentional violations with a
sensitivity level egeeding 90% within 1s after the violation has started. For
targetreaching tasks, similar performancgas achieved for StNN and HMM,
while SpNN reaches similar performances aftefF2gure work will investigate
methods to exploit the continuous outpudttee of the classification methods
proposed in order to optimally modulate the provided assistance according to the

probability of the user 6s coopetatvaasks.o n

12
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1 I ntroducti on

lL.1Robotics |Igederaglew®vennavi e

Over the last few years, roboticanipulatorshave been appearing operating
rooms as a valuable help assisthe surgeon duringurgical intervention®y
enhancing the performances in terms of precision, accuracy and speed of
execution The reasosas towhy thisphenomenois taking place iso be sought

in the rapid developmenbf new technologies and knowledge basethe
industrial robotic field Surgical applicatios of robotic deviceshave become
feasibleand safethanks to theconstant improwmentsin mechanical design,
kinematics, control algorithnand programminthat consequentlyenhancedhe

overall robotassisted performances in comparison to the classic appidawie,

1999. Moreover, robotic researelshave worked to enhancthe capabilities of

the robot to deal with evolving environmentsroughthe introduction of the
concepts ofadaptability and autonomy. The firsharacteristicgefers to the
capability of the robot tproperlyrespond talynamicworkspaceconditions on

the bais of sensory information; the second characteristics refers to the ability
the manipulatoto carry oua giventask without human supervisioith respect

to surgical applicatiosy these added features have been depléyedmage
processing, spafiaeasoning, path planningeattime sensing andeaktime
control. The Stateof-the-Art provides two meaningful definitions of both

Ai ndustri al roboto and i KRaebotnstimta bf r obot 0O
Ameri ca, a robot i s ncaonafimaasigulatorgdesgmedita bl e mu
move material, parts, tools or specialized devices through variable programmed
motions for the performance of a varietytagks In (Davies, 2000} robot is

defined as a fr e pcontraledamechenital dee equippgiu t e r

13



wi t h sensor sCoverslysaucrtguiactaolr sroo..bot s ar e defi
computercontrolled manipulators with artificial sensing that can be programmed

to move and positiontooisordert o carry out a K(Daviege of su
2000)

The introduction of robotiassistantgto the operating theatre does not imply the
completereplacement of the human operator, but rather the establishmant of
marntmachine synergy, in which theanipulatorismeantttas si st 06 t he sur
during the excution of complex task¢, hus fAextending and enh
capabilities and dexteritp (Howe, 1999) This approach, based on the

establ i shment of a close fAcooperationo
devicewas preferred tthe classic gproach used in industridields, wherefifully

autonomoug robots were used in many varied applicationEven though

autonomous devices might offer many advantages over humans, such as
resistance to harmful conditions, untiring strength and superior agcaral

precision (Bowyer, 2014)there exist some major bottlenecks thetke them

unsuitable for surgical applications:

- Autonomous systems are not able to d
environment s, wher e woltkgpacare partidyi t hi n t T
unknown due to sensing or data processing limitations. Any decision
making process will be based on incomplete or inaccurate information
(Bowyer, 2014)

- Autonomous robots have a limited knowledge base concerning the task
that they are executing. A robotay be programmed to perform one set
of motions very accurately, but without a comprehensive understanding
of the taskds purpose and environmen
respond correctly to unusual or unexpected eV@uwyer, 2014)

- Autonomous obots are unsuitable for some applications where the

culpability for damage or harm is unclear: there often needs to be a

14



distinction regarding who is responsible for the safety of people and
objects within (Bowger,R@ldot 6s wor kspace

The introduction otooperative approaeshas been thbest solutiorthetackle

the three underlined drawbacks which are unavoidable when usinfylly

autonomous devisdnto the sumgical frameworklt is importantto highlight how

the success of theumanrobot cooperations based on the fact that bate

robotic assitantandthe human operatgorovide complementary advantages and

tend to make up for each other weaknesses. Onhand, the manipulator

provides enhanced precision, accuradgxterity andjn geneal, is able to use

SURGEON ROBOT

1. Good geometric accuracy;
1. Task versatility; 2. Stable and untiring;
. lildgement experience 3. Can use diverse sensors;
4
5

2

3. Handeye coordination; . Maybe sterilized;

4. Dexterity at mm/cm scale; . Can be designed for a wide
5. Integrate qualitative data; range of scales;

6. Flexible and adaptable. 6. Optimized for particular

environments.

1. Tremors; 1. Poor judgement;

2. Fatigue; 2. Expensive;

3. Limited geometric accuracy; 3. Cumbersome and large;

4. Limited sterility; 4. Not versatile;

5. Low dexterity outside natura 5. Inability to process qualitativ
scale; information;

6.Susceptible to radian and 6. Technology in flux.
infections.

Table 1.1 Strengths and weakrs=s of the surgeon and the robotic manipulator dur

cooperative tasks

15



detailedquantitativeinformation (Howe, 1999)like 3D imaging data anthtra-
surgical sensory data. On the other hand, humans are superior at imgegrat
different sources ajualitativeinformationand consequentigxerci® judgement.
They are characterized by excellent hagge spatial coordination and have a
finely developed sense of toucfiable 1.1summarizes the advantages and

disadvantagesf human and robot capabilities

1.2Hi staonrdy appl i cati ons

Fully autonomous robotic manipulagdirst appeared in the industrial field in the

early 1960s. However, the first attempts to introdtloese devicesnto the

surgical scenariare much more receras they arelated back tohe mid-1980s

In 1985,Y. S.Kwoh used a standard industrial device to hold a fixture next to the
patientds head, i nprolee fodneurosurgenyapplicatioms e a bi
(Kwoh, 1988. The robot deployedwa s a i P,uamsearialrbaGifulator

characterized bg DoF (Figure 1.). This manipulatowas chosen after a careful

evaluation of the industrial devices
available on the market, and was
driven by three main criteria:
dexterity, accuracy and reliability
while operating nm surgical
environmers. The 3D coordinates
of the target points on the brain
surface were computed by means

of a stereotactic frame coupled with

a CT scanner and then they were

Figure 1.1 Industrial Robotic Manipulator "Pur llocated LN the mani

560" reference frameOnce the Puma had

16



reached the tget positionthe power was removed, while the surgeon used the
fixtures to orientatethe drills andthe biopsy probes, inserted manually into the

skull. An overview of the system is shownHRigure 1.2.

Figurel.2 Overview of the surgical system deployed for brain biopsies. The CT scanner g
the correct spatial relationship between the imaging rederénrame and the reference fram

the robotic manipulator (Kwoh, 1988).

In parallel with the researches carried out bySY Kwoh, R. H. Taylor was

implementing a surgical scenario that involved an industrial ystemfor hip
replacementsurgeryin dogs (Taylor, 1989. A A S crabotia anipulator

(Figure 1.3 was usedo hold in place a rotating cuttewhich reamed authe

proximal femur to take the femoral stem of a prosthetic implant for a total hip
replacementAfter a number of studies, the robotic system was deployed as a
Aveterinarian roboto for replacing hips
veterinarian sigeons (Davies, 2000)

In the early 1990s, feer a number ofstudiesfocused on thentroduction of

industrial robotanto the surgical scenarica new trend in research wakcited

by thesharedconcerns about tHew safay standards that characteriziéa use

17
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Figure 1.3 Selective Compliance Assembly Robot Arm (SCARA). SCARA is an industrial

with four parallel rotational axes and fadegrees of freedom.

of industrial manipulatorslose ofhuman operatar In general, mdustrial robots
were designedto be deployed ingeneralpurpose tasksand were thus
characterized bwide rangs of motion,that made them inherently less safe than
specialpurpcse mechaniss) whoseranges of motion and forces were set
specifically for a given task A Becialp u r p onangpolators havegained
credibility thanks to the fact that they can be safely aped controlled with
limited ranges of forceand position; in addition, a dedicated system has the
possibility torun customized softwaréDavies, 1991)The first speciapurpose
device was conceiveid the late 1980s and was clinicatigstedin April 1991

The robotwas characterized bytailored kinematic systengesigned to remove
prostatic adenomathis was the very first time that a manipulator had been used
automatically to remove tissue from patie(@&avies, 200Q)Since that timea
secondgener ati on pr oPsobadt é arsovidoped atinpesd | e d
College (Ng, 1993)

As from the mid1990s, trends in surgical robotics have been devotsdrds

two main goals:

18
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- From the technology points of view, cooperative robb@ve been
preferred over autonomous manipulatoinstead of the complete
replacement of the surgeon, the robot becsme extension on his/her
hand (Dogangil, 2010) making up for the Ilimitation of human
performance such as tremor, fatigue and limited dexterity at sub
millimeter scals (Table 1.).

- On the application point ofive w, t he tr erihimdiy ows
InvasiveSurgernyd  ( MThE )approactrepresents one dhe newest
trends in surgical roboticsand is characterized by far less invasive
procedures compared to the open ones: laparoscopic devices are inserted
through small incisions in the tissue and the operation ierexly
supervised by means ioage guidancerovided by endoscopic cameras
MIS approachs resultsin fewer postoperative complicationsshorter
recovery timesand, sometimes, outpatient treatmefas previously

longer procedure@ogangil, 2010)

S

¥ High-level controllers j
[ | 3

d Manipulator L dl End effector |jummmes

A
o
<——<—J paien A

Surgeon

T— S el IMaging system |

Figurel.4 Building blocks of a general surgical robotic system. The surgeon supervises thi

%
(]

activity bymeans of théapticfeedbackandthevisual feedbackrovided by the imaging syste

19
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Any successful surgical robotic system consists of some fundanteni@ihg
blocks that operate in syner¢fyigure 1.4: the sirgicalmanipulatorthe imaging
system, the visualization equipmetite high-level controllersthe endeffector
tools,the haptic controller deviceand,most importantly,lie surgeoriDogangil,
2010) It is important tonote how the surgeoms keptwithin the control loop:
he/she supervisessh e r ob ot 6 s a c taugmentsed realitytprovidech e hel p
by the haptic and visuafeedbacksThe growing acceptance ttiese surgical
robotic systems into the operating raoi® witnessed by the margpmmercial
devicesthat are currently available on the market and that apply to & naithe
of clinical scenarias

- NeurosurgeryVarma, 2006), (Cost®laniere, 2005), (Sutherland, 2003)

- Eye surgeryJensen, 1997), (Ergeneman, 2008)

- Thoracic and cardiac surgerfHacker 2005, (Boehm, 2000)

- Orthopedic surgeryKazanzides, 1995), (Lavade 1995)

- Urologic surgery(Krieger, 2005), (Salcudean, 2008)

- Tumosradiation (Adler, 1997)
Extensivereviews ofcurrently availablenedical robotic system are reported in
(Howe, 190), (Dogangil, 2010), (Camarillo, 2004) and (Curley, 2008)e
following sections are devoted to the descriptiosahemeaningful examples

of surgical robotic applications.

1.21Neur osurgery

Neurosurgery was one of the first sur gi
guidedo techni ques tnothe preapdraderphmseiltb e oper a
imaging systemcompasa 3 D model of the pattheent 6s br
processing of multipl€T or MRI images The target point¢e.g., intracortical
lesionsor stimulation pointsare thendentifiedwithin the voluméric model ad

their coordinatearecomputed with respect to the imagderence frame.
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A stereotactichead frame (Figure
l5attached to the pat.i
provides the correct registration
matrixto obtain theoordinate®f the
targetpointsin the referencérame of
the robotic systemThe location of
the target points is consequently used
to compute the optimal operation plan
in terms of degree of alignment,
orientation and insertion of the end
effector tool to the desired point in the
brain(Dogangil, 2010)

Figure 1.5 Stereotacti frame for the mappir
procedures of the target points within the sk One of the major drawbacks of

imageguided neurosurgery is the-so
call ed Abrain ghiati aftets 0the pehatonsbipn between , the
preoperative image data and the current anatomy of the patient. To overcome
theseproblems two solution have beproposedDogangil, 2010)

- Integrate deformable templates for

nonrigid registration, based on

biomechanical models of the fso
tissue

- Integrate intreoperative imaging for a
continuous monit

anatomy and instrumentation; this

requres that the manipulator be
compatible with the imaging ndality

and space constraints

Figurel.6 NeuroArm surgicafobot.
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Two commercially available newmobotic systems are he fA Neur o Ar mo
ACyber Bystenfse of h e A N @igureolr(Fgare 1.7 is a MRI-
compatible system dagned for stereotaxy and microsurgerincluding
manipulation and cutting of soft tissues, dissection of tissue planes, suturing,
electrocauterize, aspirate and irriggt@ogangil, 2010)The working principle is

based on teleapation, in whichtwo remog slave manipulators replicate the hand
movements of thenaster manipulator directly controlled by the operdtoturn,

the surgeon supervises the execution otdéls&by means oftereoscopiwisual
feedback 3D MRI displaysand haptic force feedbackqvided bymulti-axial

forcesensors mounted on the eafflector.

Figurel.7 Overview the of NeuroArm robotic system.

The i Cy b e r Kysténf(Fégare 1.8 is a nonrinvasive robotic manipulator
designed for radiosurgerit consiss of acompactinear accelerator mounted on
a 6DOF robotic arnthat can baised to radiate a variety of tumoBuring the
preoperative phase, CT images are used for thepbatiming of the system.
During the intraoperative phase set of Xray cameras, coupled with flat panel
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image detectorsnonitois the movements of the patit and consequentlynlike
stereotactic systems;ompensate for them. Recently, the accuracy of the
treatment has been l@mnced with the introduction of @espiratory tracking
system, which allows thCyberKnifed to track lesions that move with breati

and follow them in real time for more precise treatmédtgyangil, 2010)

Figure1.8 AiCyberKnifed System for tumor radiation

122Car di atchocarrdcrn ger y

Thoracic and cardiac surgergnd in general abdominal surgeiy,one ofthe
fastest growing arenas of use for robotier@anipulation(Curley, 205). Over
the lastdecade the trend in the design and implementationthefserobotic
systems has flowed toward a laparoscopicmethodology that meets the
requi r e nMinimaly Ineasive Su r g e(MI$)oapproach The use of
laparoscopes, as opposedHhe classic open procedure, provides benstith as
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fewer postoperative complications, shorter recovery times and redtissde
scars.The execution of the surgicahterventionis performedthrough small
incisionsin the abdominal or thoracic wall@=igure 1.9. The surgical tools are

inserted through such incisions toward the target point within the abdomen, along

Gas filled area

F Fallopian tube
&=

Ovary

Figure1.9 Laparoscopic tools inserted tlugh skin incisions in the abdomen.
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with anendoscopicamera fovisual feedback to the surge@figure 1.10. The

development of laparoscopic manipulataiespiteits benefits for the patiegt

hasintroduced a number of significant challenges to the surff@oriey, 2005)

- Lossof haptic feedbackThe operator is, thusinable to perceive the

interaction force between the tool tip and the tissue

- Limitation in the rage of motion of the instrumentation (generally four

degrees of freedom against the

- Theriseofthesoc al | ed A f ythatforeceshempefaterdcotmake

counterintuitive nmvements with the end effectors;

- Amplification of the physiological tremor at the end effectors;

- Limited dexterity;

- Impaired depth and field of vision without using daaimera 3D systems;

- Steep learning curve.

hand

One of the most successful robotic manipulator for minimally invasive

laparoscopic surgery iete fAda Vi

Figurel.11"DaVinci" System: control console of t

surgeon
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nci 0 sskawe robotit. systerh
that was initially designed for
closed chest -cardiac surgery
(Boehm, 200Q) although many
more application have been
explored, like visceral surgery,
gynecology and urology surgery.
TheDafi Vi nystend is s
composedof two elements: the
surgeon and patient side$he
surgeon side (Figure 1.1}
component is the control console
that consists of a binocular viewer

for stereoscopic vision, finger

S

a
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Figure 1.13 "Da Vinci" System: examples

laparoscopic tools for tissue manipulation

Figure1.12 "Da Vinci" System: Slave manipulator with three rob

arms for surgical tools and one robotic arm for the endoscopic ¢i

held controllers through which the operator remotebnipulates the robotic
arms, foot control pedals for camera focus and orientation, clutch and diathermy,
and the central computéerhe patient side compondifigure 1.12 (Figure 1.13

is composedf four articulated arms, one dedicated to the camdrach provide
image magnification from 2X to 10Xgnd three foiinstruments The surgeon
controk any two arms at a tim@he system is designed to merge the advantages
of freehand movements, used in open surgkeybenefits o minimallyinvasive
approactand the increased precision and accuracy that arise from motion scaling,
whereby large motions of the master device are scaled down proportionally to

produce small motions of the slave.

1.230rt hopedic surgery

Along with neurosurgical applications, orthopedigas one of the first areas in
which robot applications were developéHowe, 1999) The fundamental
difference existingbetween orthopedics andther type of surgery (e.g.,
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neuorosurgeythoracic surgery, eye surgeng the profound diversity of the
biomehcanicdehaviorof the target tissues. While $dissuerequires complex
biomechanics model to implement reliable robotic navigation, bones are
relatevely easy to manipulate, as the amount of deformation is negligigle during

surgical procedureshis property results

in simpler imageguided techniques to
implement the problems arising from
mismatches between the preoperative ar
intraoperative  plans are overcome
Orthopedics application that have receive
the greatest attention are hip and kng
replacenent, and spinal fusior{(Howe,
1999)

An example of orthopedic manipulator for
hip surgery replacement (Kazanzides,
1995)i s t he ispRemh(@Eiguec
1.14), that was developed to improve thg

performances while forming the femura

cavity to host thehip prosthesis. In Figurel.14"Robodoc" System.

comparison to the manual procedure, in

which the surgeon cuts the cavity by forcing héaetp broaches and reamers into

the femur, the robotisystem provided a less rough and uneven internal surface.

The tip of the manipulator is equippedth a highspeed rotary cutter that
precisely reams out the femoral cavity, adjusting its dimesions according to the
stem of the implantln additionto increased accuracy in the formation of the

cavity, the implant size and placement can be choseneobasis of preoperative

CT images. A separa8d planning workstation c al | e d (Figwelilfh od o c o

computes a-8limensional model of the patient hip and the surgeon can manually
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adjusts the position and orientation of
the prosthesis until satified. The
resulting femoral cavity ihen dislayed
and the sequence of robot motions are
automatically planne(Howe, 1999)

Figure 1.15 "Orthodoc"system for pat

plannina of the orthopedic suraical procedi

1.3Sur gi c al Robot Taxonomy

Over the past 200Qears,a wide variety of robots for surgical applicationvéa
beendesigned, developeahd clinically used. Several auth@g@amarillo, 2004
have proposed to organize the different varieties of sairgnanipulators into a
taxonomiesAmong othersthe most widely sharetlassificationis based on the
role that each devickas within the oprating room.Threediscrete categories
have been identified:

- Passive rolemanipulators The role of the robot is limited and its
involvement is related tonly low risk tasks. An example of passive
manipulator has been discussedsattionl1.2.1, in which an industrial
Puma 56(Figure 1.}, was deployed to firmly hold in position a fixture
newt to the head of the patient, in order to allow for the surgeon safely
insert needles for brain biopsy. Further applications eavdoscpic
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holders (e.g., AESOHRSackier, 1994) whose role is to maintain
endoscopic tools a steady positioduring laparoscopic procedures

- Restricted rolemanipulators In thiscasethe robot is involved in higher
risk tasks, but its role is still restted to essential portions of the
procedure. Exampge are cooperative manipulators and mechanical
stabilizers that filter out the noise due to hand tremor.

- Active rolemanipulators The robot is intimately involved in the task
procedure and carries high pessibility and risk(Camarillo, 2004)
Usually, autonomous robot®mputepreoperative plaawithout human
intervention Examples of autonomous mpaolators include the
ACyber Kni f ed sy s(Beetionl.R.Dandtrhaed i ioRsoubrogdeorcyo
system for hip replacement surgéBeciontl.2.3.

Although autonomous rob®inight appear superioit, should be noted that their

deployment requires significant human supervisiooften resulting in an

A
CT scan
CyberKnife
g AESOP
g Robodoc
= Acrobot
< NeuroMate
Da Vinci
Manual
instruments
> Robot Role
Passive Restricted Active

Figure 1.16 Tradeoff between the procedural role and autonomy. Procedural role indic:
level of responsibility and inweement the robot has with the patient during a procedure.
role scales up with greater duration, scope, invasiveness, and risk, which decreases tr

autonomy in current systenfSamarillo, 2004)
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incressed burden on the surgeon. Tiesan important tradeff (Figure 1.16 to

evaluate when choosirije proper surgical systefor a givenapplication.

14Acti ve Constraints

The introduction of robotic manipulators into the surgitald, despite all the
advanages deriving from enhanced precision, accuracy and dexterity, has raised
high concerns about the safety of the human operatod the patientghat
during surgical proceduresharetheirworkspace with the roboBefore thefirst
studies byy. S.Kwohin 1985(Kwoh,1988) wh o wused iadustRlUMA 56 0 ¢
manipulatoras a fixture holder to improve the accuraltying probesinsertion

for brain biopsiesfully autonomous systems weatesigned to be deployédthe
industrial field at different stageef the manufacturing processé@dieir main
application included welding, painting, assembly, pick and plawtesting All
tasks wereaccomplishedvith high precision, accuracy and spe&te human
operator was in charge of the supervision of the @®cdeut did not share the
workspace of the manipulatdrhe success of autonomous robothaindustrial
field relies onthe fact thathe manufacturing process is the sum of repetitive
simple tasks. Hencehe robot carbe programmed to execute eachkiasery
precisely,accurately, and withigherranges okpeed with respect to the human
performanceConversely, a surgical scenario involieBerentlymany degrees

of variability, both with respect to the types of task to be exe¢utad with
respect taheir execution time andequenceDespite all the advantagethere
exiss a limit in the capability of atonomousmanipulatos to perceive and
evaluate their environment making them unsuitable to deal with highly
unstructuregbrocesses. These processeslve incomplete omaccurate sensory
information about the surrounding objects and thus, put some limgatidhe

reliability of any decisiormaking proces®f the autonomousievice (Bowyer,
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2014) Toovercomethede mi t ati ons, tameolkbonhcepoperfatfih
was introducedin which the robotic assistant intelligently regasahe motion

of the human user (Bowyer, 2014)aking up for each other weaknes@Eable

1.1) This sharedcontrol concept was first envisaged by Rosenberg in tHg ea

1990s fAvirtual fixtur esdefhedafi abet caoctesegpsdc
information overlaid on top of reflected sensory feedback from a remote
environmend (RosenbergDecembed 993) The function of virtual fixtures is to
enhanceoperator prformances by allowing precision to exceed natural human

abilities, while reducing mental and physical Wload associated to the task

(Rosenberg, September 199Rosenberg conceived eébe virtual tools as a

Arul er o ( Rosenber gvhich $an greatlyn bngrove the® 9 3)
performances of a straight lki#awing task.The use of the rulereduces the

mental processing, speeds up #xecution of thaask and allows foa much

better outcomeWithout this tooJ the drawing is a manual task that requires

constant visual supervision and haeyk coordinatior(Rosenberg, September

1993) Similarlyt o A vi r t ufaalc tfiivxet ucroenssot,r a-ievelt s o ( AC:c
control algorithmshatcan be used to assist a human inmachine cooperative

tasks.In (Abbott 2007) ACs ar e def-pemeratledioecs andi s of t war
position signals applied to a human operator in order to improve the safety,

accuracy and speed of the rolassisted task. They capitalize on both the

accuracy of the robotic system and the ijefic e of t he human ope
(Bowyer, 2014) ACs are defined as dAcoll aborati
be used in human manipulation tasks to improve or assist by anisotropically
regulating the motion. Throughout operation, the robot controllgrtors tool

motion, and analyzes it with respect to preplanned trajectories and known
restricted regions. The active constraint controller then attenuates or nullifies any

user command that will cause the manipulator to digress from a plan, or enter a

forbiddenr e gi ono ( Bowyer , 2014)
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One of the first research systethat led to the desigand implementationf a
roboticdevice with an additionahctiveconstraints contrtdr,i s t he A Acr ob o

system(Figure 1.17, developed at Imperial College Londos fiom the late

Figure 1.17 "Acrobot" System developed at Imperail Collefm, Unicodylar Kne
Arthroplasty (UKA).

1990sfor unicondylar knee arthroplasi{{pavies, 2006) Such a system is a

fi h a-ordnsanipulatoin whichthe surgeoinolds a forcecontrolled handle that

is located near the tip of the rob@Davies, 2006)The handsn approach, which
results in a directphysical humanrobot interaction, provides reliable haptic
feedback without the need for force sensors: the surgeon is then able to feel the
difference when cutting either hard or soft tissues. Theopegative Cthased
plannerdefines he regions of the workspace within whittte robot can move

and cut without causing damages or harm. If the operator trieptes ay
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forbidden region of the robot workspacéhe controlleractively constraints the

motion within safepositions ensuringthat complex cut surfaces are accurately

achieved, andhat critical features are preservedihe performances of the

AAcCr obot 0as tsestes tire an randomized, douddénd (patient and

evaluator) trial, and the results were compared to the convensiorgery.The

evaluation criteria were based on the absolute saliglignment error in valgus

and varus directions. Such esavere computed for both the femoral and the

tibial componentsResul t s showed that the AAcrobot
inaccurate outcomes in arthroplasty. Moreover, a significant enhancement in the

postoperative improvementas observeDavies, 2006)

141Gener aAcitziede Constraint Framewor |

A correct and extensive discussion about active constraints, their use and
application requires the establishment of a generalized framewsrliscussed
in (Bowyer, 2014) this framework is composexf threemainprocessegFigure
1.18:
- Constraint definition;
- Constraint evaluation;

- Constraint enforcement.

. Robot motion feedback
_-q
Supervisory Definition (WU Evaluation EESE Enforcement VRTINS

commands geometry robot-constraint regulation
relationship commands

Figure1.18 Generalized Active Constraints Framew@Bowyer, 2014)
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The definition of an acte constraint referfo the geometry that describes the
constraint itself. This first process can be carried out either via human supervision
or by using automatic algorithms. Once the geometry has been defined, it has to
be evaluated: the constraint gednpés compard to theposeof the manipulator

to assess theeciprocalcompatibility. The last step is the constraint enforcement
namely the conversion of the relative roloonstraint configuration into input

commands, which in turn will regulate the tioo of the human user.

1.4.1.1Constraint Definition Methods

The definitionstep is arried out by computinthe spatialgeometry that describe
thefeatureof theconstraintAlthoughin literaturetherearesome methodologies
to automatically generaonstrant geometries on the basis of medical images,
the most widely used approachth® apriori definition of such geometries, via a
separate procedbat isoften supervised by a human operg®owyer, 2014)
Constraint definitionmethods span from simple pté and lines, to complex
surfaces and volumesnd will be briefly describedand discussed. A
comprelensive review can be found in (Bowyer, 2Q14)

Point Constrains.

A point-like geometry(Figure 1.19is
a rather simple constraint definitiol
method baed on a closefbrm
solution that efficiently represerst ®
either 3D Cartesian points, ol
configuration and orientation pose: %
This approactnas beenvidely used in
literature for tasks requiring accurateFigure 1.19 Point Constraint representat
(Bowyer, 2014)

and precise tool positioning.
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Linear Constraints

Linearconstraints define patirs
the 3D space with a variabl
degree ofcomplexity ranging
from straight lines, to sinusoids
to splinebased curvesStraight
lines represent the simples

geometry, have a closd¢drm

solution, but are not suitable t

describe complex trajectoriesk
Figurel.20 Linear Constraint representation

. . (Bowyer, 2014)
geometries are suitable to dea

On the contrary splinebased

with a higherdegree otomplexity, but typically suffer from the absenceaoly

closedform solution whichresults in an increased memory demand.

SurfaceConstrants.
Sur face constraints ar e used t o di vi de

subspacesLike linear constraird there exist different methodologies to

Figure1.21 Surface Consaint representation. On the right, is it shown a surface define

cloud of points. On the left, it is shown a surface defined by a polygonal (Besglyer, 2014)
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implementthe relative geometriesf such surfacesThe simplest approach

limited to a low rang of complexityis the segmentation of the surface into a

sulset ofhyperplanesHigher degrees of complexity requtreeadoption oimore
sophisticated methods, such as fipolygona
(Figure 1.2). Thanksto their great #xibility, polygonal mesheareuseful when

the application requires the precise reconstructionrezftworld surfaces

Unfortunately, despite their advantage, this type of constraint is difficult to

construct, evaluate and sto@n t he ot h ecrl ohuadnod ,c ofinpsotirnati nt s
defined by sampling a set of Cartesian points from the surface are more easily

constructed and stored.

Volumetric constraints.

Volumetric constraints(Figure 1.22 D
are defined by means of analytici

geometric primitives, like spheres,

cylinders, cones and cubéghanks to =
their closel-form solutionthat provide [
efficient computation, volumetric

constrainthave been proposed as &=

Figure 1.22 Constraints represented

alternative to describe complex space N
volumetric primitivegBowyer, 2014)

as a combination of primitives.

1.4.1.2Constraint Evaluation Methods

The constraint evaluation phase is required to assess to relative configuration
betweerthe robotposeand the geometry of the constraint previously defihed
particular,we are interested in the proximity function between theedfettor

and the costraint, in orderto decide on the necessity and direction of the
anisotropy The majority of the evaluation methods are basesiopleclosed
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form representatianof the constraint. In a fewother applications two key
methodsare deployedspatial parttioning and bounding volume hierarchies;

featuretrackingalgorithms(Bowyer, 2014)

1.4.1.3Constraint Enforcement Methods

In the constraint enforcement phase;
the evaluated constraint geometry|is
converted into propemotion/force
commands to give as input tbe
manipulator. In literature, a wide
range of enforcement methods
proposed, each one having differept
features that makes it suitable for

some applications over otherdn

the following, a brief overview of Constraint \
Geometry

such methodologies is discussed.|A

comprefensive review can be Figurel.23 Enforcement method: simple funct

found in(Bowyer, 2014) of constraint proximity.

Simple Functions of Constraint Proximity.

The simplest method described in the literaiaréased on a distance function

(e.g., closespointb et ween the constrai ntffegmometry
The constraint force vector is modeled as a dynamic model, usually truncated to

the first orderThe mechanical behavior is equal to a spdagper system §i1

order, Figure 1.23, described by the following equation:

g o o De o (Eq.1.2)
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where0 FO are the stiffness and damping parameters of the systésthe 3D

tool tip positionande is the closest point on therstraint geometry.

Proxy and Linkage Simulation.
Proxies are virtual objects characterized by a given dynamic behavior. During the
execution of the task, the proxy is virtually attached to the tool tip of the

manipulator and the linkage is

Robotic
Manipulator

usually modked as an elastic
ol 10XV or viscoelastic model. When
the robot enters forbidden

regions, the proxy is blocked

by the constraint surface

Figurel.24 Proxy-based constraint. The linkagedel i giving rise to a haptic force

modeled as a sprin@owyer, 2014) that encourage the user to
leave such restricted region.

Nonenergy Storing Constraints.

The main drawback oftte previously discussed enforcement meshisdhat the

effect of potential energy storing during the violation of forbidden regiéns
sudden release of such stored energy may cause unwanted outcomes, like system
instability and thus, hamful conditions for the operatofo overcome this
problem in(Kikuuwe, 2008)afi s i muglastititg chodel, based on Coulomb
friction, was proposeds a way todissipate energyuring the tipconstraint

interaction

Potential fields.

Potential fields ee one of the most widely used methodologies for-ties

collision avoidance in robotic systenfSach poi nt of the robot
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assigned a potential value, on the basis of the spatial distribution of both targets
and obstacle€ach target ishamacterized bya low potential valuerepresenting
potential wellspbstacles are characterized by high potential vahepsesenting

a maximum of the potential functioithe force acting on the end effector is
proportional to the negative gradient of thetgntial field and encourages the
manipulator to move toward minimum points (e.g., targets), while avoiding

obstacles.

. ‘
Target

Obstacle

Figure 1.25 Constraints enforces as potential fields. The target acts as an attraction poit
the obstacle acts as a repulsion p{dwyer, 2014)

1l5Research probl em

151Adptive Active Constraints

In the vast majority of robotic applicatignactive constraints geometries are
computedvia a separate process that presgdeactualexecution of the tashkn

surgical applications, constragr@re computed during the preoperative phase and

are subsequently enforced during the intraoperative phase. The reliabiliheand
exactnes®f the spatial distribution of suchonstraints relies on the hypothesis

that theintraoperative scenarican be modeledia its preoperative counterpart:

the environment is, thugonsiderede nough stable to depl oy
constraintsOn theotherhand,there is a number of applicatg§rdocumented on

literature (Ren, 2008), (Ryden, 2012), (Kwoh, 2Q018at require the use of

Adynami co f i quenaeroétheine evautioo of thegeometry that
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describeghe surgical environmenDynamicvirtual fixture are currently useith
Abeati ng hear the natsiral canteactipn, of thehheart es tracked
through the use d¥IRI-basedmaging systemand the shape of the constraint is
consequently updateddinimally Invasive Surgery (MIS)applicatiors involve
the use of snake robot as endoscopic pr@gbgure 1.26. In (Kwoh, 2013)a
methodology is proposed to optimize the manipulgiimt configuration on the

basis ofthe actual anatomical constraints that acemputedusing realtime

Joint g, Joint q, Joint q;

Jointq, 45

Biopsy channel

Figure 1.26 Snake robot deployed as endoscopic probe. The joint configura

optimized on the basis of the evolution of soft tissues geortiéivgh, 2013)

proximity queries In other applicatiog it might be useful to adapt the geometry
of the constraint, or the assistance level provioiethe haptic feedbaclon the
basis of the classification and interpretation of user commarmiging the
execution of a taskhepresencef unwanted obstacles or unplanned target points
might inducethe humaroperatorto intentionallymove the eneffectoragainst

the constraintas a result of changed environmental conditidmghis case, it
would be beneficial to detect suchantionalaction and, consequently, update
eitherthegeometry or the stiffness of the constraint, in order to adapt to the new
unpredictablescenario. In(Passenberg, 2011bhe authors investigate whether
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interaction forces can be used to distinguistwben scenarios where human and
assistant agree and where they disagfeasimple experimental desigwas
implemented, consistingf two scenarios: a maze without obsta¢le€1)and a
maze with obstaclg$SC2)(Figure 1.27.

obstacle

start

Virtuzi 1 ——— el end
object

Figurel.27 Virtual scenarios deployed for the experiments. On thgtiéftshown a virtual ma:

without obstacles. On the rigtit is shown a virtual maze with obstacles (Passenberg, 20:

Each user was asked to aveimhtact with walls and obstacles while moving as
quickly as possiblel'he haptic feedback helped the user to move the virtual object
along the desired path, from fAstarto
the presence of obstacles induced the tsesct perpendicularly against the
constraint to circumvent the obstaclBesultsshowed thathe interaction force

is a good estimator of the agreement level between the user and the agsistant
SC1, subjects did nact strongly against the constraias it was helpful. On the
contrary, in SC2, higher forces were recorded, as the subject had to intentionally
violate the constraint to avoid obstacles.

In (Li, 2003), authors propose a reémhe method, based on Hidden Markov
models, to detect and cléfgsany change in the user intention, on the basis of the
measured interaction forces between the constraint and the tool tip. The model

was trained to recognize three actions: idling, following a path, and avoiding an
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obstacle.Results showed that the amge accuracy of redlme recognition

continuous among all subjects exceeded 90%.

152Research Question

As discussed in the previous section, in a number of surgical applications, it might
be beneficial to detect andprovidesomer et t h
kind of adaptation in the assistance level provided by the active constraints. In
general, active constraints help the operator in the execution of cooperative tasks
by anisotropically regulating the tool motion, and enhancing the precistbn an
accuracy of movements. However, when dealing with unstructured and/or
dynamic environments, some events might occur that the robot controller is not
able to properly interpret. For example, the user might want to depart from a
constraint to circumvent ymedicted obstacles or to reach unplanned tathats
lie within forbidden regionsin these cases, the constraint is perceived as a
hindrance for the execution of the task and, consequently, its geometry and/or
haptic strength should be modified accogiyn In order to modulatethe
assistance level, it is necessary to correctly detedtidentifyt he curr ent use
intention on the basis of some kind of information (e.g. sensory information).
In this work, we decided talentify tworathergeneraltype of user 6s act i «
- Intentional Violation of active constraints;
- Unintentional Violation of active constraint.
Intentional violatios take place whenever the current action of the user is in
disagreement with the purpose of the constraint, typically tregufrom
environmental sensing limitations of the robotic system. In this case, the
constraint is felt as a hindrance, resulting in disturbing interaction forces at the
tool tip. On the other hand,nintentional violations occur when the user shares
the purpose of the constraint and accidental errors in the task execution are made.

If we were able to reliably detect the occurrence of intentional violations, it would
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consequently possible to adapt the assistance level provided by the constraint (e.g.
removethe constraint or weaken its magnitude).

In this project, we decided to investigate whether it is possible to distinguish
between intentional and unintentional violations of active constraints, on the basis
of the interaction force sigtg To answer tlsi question we trained and validated
three different binary classifiers:

1. A classifier based on a continuous Hidden Markov Model with Gaussian
output;

2. A classifier based on a feedforward Neural Network trained on the basis
of statistical parameters descrigithe force signals;

3. A classifier based on a feedforward Neural Network trained on the basis
of the energy distribution of the force signal across the different levels of
the Wavelet decomposition.

As the classification should provide r¢athe adaptatiorof the assistance level,

each model wasvaluatedn terms of:

- Minimum interval time required, after the violation has startedbtain
reliable classification of the intentions. In other words, we wonder which
is the minimum amount of information, inrtes of force signal, to

correctly distinguish intentional violations from unintentional violations.
- Penetration depth into the constraint;

- Evolution of the classification performances over time.
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2 Materi als and Met ho

In this chapter, we presethie metlodology andhe experimental design adopted
to research methods fdahe classificatioro f Aintentional 0 and A
violations of active constraints. The performamteHidden Markov Models
taken from the literaturggnd Neural Networksfirst prgposed in this work, are
investigated within this experimental framewofke chapter will be organized
in four sections:

1. Active Constraintsin this sectionve discuss the definition, the evaluation
and the enforcement methods we chosetlfer core activeconstraint
formulation upon which the classifier was built

2. Experimental Designin this section we discuss the methodologies
adopted to perform the experimeritem which classifiable data was
generated describing the hardware and software setups, amd th
experimental protocol.

3. Classification Methosl. In this section we discuss how we implemented
Neural Network (NNj)based classifisy and Hidden Markov Models
(HMM)-based classifiarthat operated in the experimentally produced
active constraint violatiodatg

4. Data Analysisin this section we discuss therformancendices chosen
to evaluatehe classification capabilities of each classifier.

21Acti ve Constraints

Active constraints are higlevel control algorithra that are deployed in man

machine cooperate tasks to improve the performance of thskexecution in
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terms of accuracy, precision and speed, while relying upon the constant
supervisionof the operatorAs explained in the previous chaptand widely
discussedin (Bowyer, 2014)a generalizeétamework is introducedcomposed

of three main stepconstraint definitionjn which the geometry is described
constraint evaluatignn which the relative constrainbbot position arassessed,;
constraint enforcement, in which the geometriramsforned into position/force
commandsAlthough constraints can be classified on the basis of their geometry

and/or enforcement lawve chose to follow adternative classificatiorproposed

Tangent

Figure2.1 Firstorder dynamic model for tl

Constraint \ calculation of the haptic forcprovided b
Geometry the active constraint.

in (Bowyer, 2014)and (Abbott, 2007) that is based on the purposd the
constraint, namely which is its function with respect to the task to be executed.
Two main classes have been identified:

- Guidance Constrainfs

- Regional Constraints
Guidance constraint help the operator to move along a preplanned trajectory,
while regional constraints prevent the user from entering forbidden region of the
workspaceWe chose aenforcenent methodology, based on a simple proximity

function and a %order dynamic moddk.g., sprinegdamper modelFigure 2.):
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o 0 e0 o 0 0Ved o 0 (Eq.2.1)

wherel]is the feedback force, 0 is the Cartesian position of the eeflector,
e 0 isthe closest point on the constraint geometry to theséfadtor, and) HO
are the stiffness and damping parameters ofatiwe constraintrespectively
The computation of the 0 is carried outhrough a reatime closespoint

algorithm, based on the Euclidean norm. This appréeshbeerdiscussd in
section1.4.1.1

211Gui dance Constraints

Guidance constraints assist the user in moving the robot manipulator along
desired paths or surfaces in the worksp@debott, 2007) The enforcement of
guidance constraints requirk® definition of eet of referencdirectiors that are

used to describe the assistance level provided by the haptic feedback. In general,
such directionsare computed with respett the local reference frame on the
trajectory, yieldinga perpendiculafZ) anda tangentia(Vy direction of motion

(Figure 2.2. The corresponding amount of perpendicular haptic force

J[A

Tangent = w o T

Constraint
Geometry

Figure2.2 Local reference frame located onto the trajectory, yielding a perpendf

and a tangentialdirection.
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compensates for any deviation of the robot from the path. The tangential
component of the haptic force encourages the operator to movetatqrath and
thusit identifies the preferred direction of motiofhe assistance level provided

is proportional to the magnitude of the far€ae perpendicular component of the
forcel can be defined such that a percentageerpendiculardeviaton is

admitted; namely, the constraint actively hedpthe operator when a certain

Ty
L
LT T T TS

Y

tuy
.
.......llllhnl

Figure 2.3 Guidance Constraints define a tudtgaped regiondptted line¥, whose longitudini
axis is the correct path (black line). Within this region, the haptic force is zero, as a certeg

of perpendicular error is permitted.

thresholdis overcomeThe value that sets this degreeddviationerror, defines
a tubeshaped region, whose longitudinal axis correspdodthe desired path
(Figure2.3). Themathematical relationship that describes the guidance constraint

enforcemenis the following

1 5B (Eq.2.2)

Wherel andl are the tangential and perpendarndomponents of the haptic

force. These components akefined as:
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If @ O

e 0 is the Cartesian position of the eaffector, e

the constrait geometry to the erefffector;i is thevariable that represent degree

iz ©

o0 e O

e O i.

IW O e0

(Eq.2.3)

e O (Eq.2.4)

0 is the closest point on

of perpendicular error allowed, is the unit vector that identifies the ortumal

direction; 0 HO and 0 HO are the stiffness and damping parameters of the

systemin both directionsrespectively

An example of guidance constraints enforcement can be found in (Burghart,

1999) In this study guidance constréis are used to improve the outcomes of

cran i

guiding a surgical saw attached to the manipuldtothe planning step, the path

is split into segmentsaround whichtwo concentic cylinders are constructed.

of acial surgical

ntervention,

by

Within the inner cylinder the surgeon is allowed to guide the saw without

constraints. As soon as he/she moves the tool into the outer cylinder, an increasing

force has to be applied to continue into the desired diredtmally, if the

surgeon tries to push the tool further beyond the outer cylinder, the robot prohibits

any further movement of the surgical saw into the forbidden zone.

Outer Cylinder:
Zone 2

Prohibited Area:
Zone 2

Inner Cylinder:
Zone 2

Trajectory

Zone 2

Inner Cylinder:
Zone 2

Outer Cylinder:

Figure2.4 Guidance constraint emfcement for enhanced craniofacial surge
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212Regi onal Constraints

Regional constraintegi an & oc cendtierolbt mtf ©r bp r
form entering into restricted regions of the workspace. They have an on/off nature,

such that they have no effect on the robot when it sdeibf the forbidden region

(Abbott, 2007) In general, the haptic force generated by the presehtieeo

constraint acts perpendicularly to tlserface (Figure 2.5. Unlike guidance

constraints, there is not a tangential component of the force, because no preferred
directiors of motion are definedSimilarly to guidance constraints, we chosé'a 1

orderdynamic model as enforcement method:

Bo 0V e0 o 0 ©Ved o 0 (Eq.2.5)

e 0 is the Cartesian position of the eeffector, @ 0 is the closest point on
the constraint geometry to the eeffector, andy HO are the stiffness and damping

parameters of the system, respectively.

Restricted

o n0 e

Constraint surface

Free-motion
region

Figure2.5 Forbiddenregion constraintenforcementThe haptic force acts perpendicul:
to the constraint surface, encouraging the human operator to place the tool tip se

the safe region.
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An example of regional constraint gleyment is discussed inPark, 200):
medical images were used to align virtual planes between an artery that requires
dissection andhie chest wall to whiclt was attachedl'he tool was constrained
within a safe regionenablingthe surgeon was assisted carate resection of

the artery, for sternotomies or bypass graft procediak, 2001)

22Experi ment al Desi gn

In thissectionwe discusghe architecture of theverallsystem that composes the
experimental desigased to generate classifiable constraint violation: data
- Thesoftwaresetup thatis composed o$everal Graphical User Interfaces
(GUls) to set, control, and visualizeeltasks
- Thehardware setupthatis composeaf a control console, a display to
provide visual feedbackuting the execution of the tas&nd the haptic
interface;
- The experimental protocolthat describesthe guidelinesfollowed to
create twasubses of tenpathfollowing and targeteachingasks andthe
instructionsfor the execution ofhe taskscustomizedo obtain reliable

andreproducible resulis

221Software Setup

The software setup is composefdthree main sections h settirig® interface
the control system and h taslofinterface. In the first section it is possible to
choose and customitee task to be executeat;cording to the goalf the project
in the second section a closledp system is implemented for thentime control
of the haptc interface the last sectiofs characterized by graphicalinterface

that is shown to the subjsathile executing the task
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2.2.1.1SettingsGUI
The creation of customized tasks is accomplished by means of dedicated
Graphical User Interfase(GUIs), which allow the operator to setall the
meaningfulparameters according to the goatheproject Threeinterfaces were
programmed
1. AWorkspace settings GU I . Thi s i ntte rsét ahee i s d
workspaceéoundaries and the required safety limitatjons
2. fPath-following settingd GUI. This interface is designéd customize the
i paftohl | owi n pgraduce data fokthevaltiaion of classification
performance in the case of fAguidanceo
3. fiTargetreaching setting G WHis interface is designed twmstomize
t he Arteaarcgheitntyp prodtica dakasfor the evaluation tife

classification performances in the ca

WORKSPACE SETTINGS

WORKSPASE BOUNDARIES

Lower boundaries Upper boundaries

SAFETY LIMITS -- MAXIMUM TORQUE APPLIED TO PHANTOM OMNI

Torque X [N/m]
Torque Y [N/m]

Torque Z [N/m]

Figure2.6 "Workspace settings" GUI.
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2.2.1.1.1 AWorkspace setting® GUI

The AWorkspace Settings G(Bigure 2.§ is designed to set theorkspae
boundariesand the safety limits. Workspace boundarpsvent the haptic
interface fromassuming any joint configuration close to singularities, wdafety
limitationsrepresent the maximutorquethat can beppliedto the joint of the
manipulator The user can set up to nine parameters:

- Six parametersset the position boundaries along the three Cartesian
directions®hity . These limitation arechosenin order to avoid
singularities that occur when the configuration is close to the plhysica
limits of the haptic interface;

- The maximum torques that can be safely enforced to each actuator of the

haptic master

2.2.1.1.2 fPath-Following settingsd GUI
Thefi P aftohl | o wi n Graphieat User mtgriadg-igure 2.7 is designed
to setthegeometricaparamegrsthat characterize the p aftohl | owi,fog 6 t as k s
the evaluation of guidance constraints
The interface is composed séveralsulpanels by which it is possible tset
different parameters
- Update thecoordinates &Xtod of the boundarypoints of the trajetory,
labelledin Figure2.7asi St art poi ntgo0 and AENnd poin
- Set two parameterginumber of middlgp o i @t &l 0 7, sviaich &ll@vo
for the introduction osome dgree ofvariability in the definition of the
trajectory. Thefirst variable is related to the numbef intermediate
equally spacegointsthat aresampled along the straight line linkitige
ASt ar ttoh Bnrdiidd p o i sacomelvariablemteoduces alegreeof

variability in the positioning of these points by scattetimgm around,
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according to a 2D uniform statistical distributidfhese points are then
used to calculate the trajectory according to a sjdased interpolation
(Figure2.8);

- Set the number and radius of obstacles to lay along the path. Obstacles are
depictedn (Figure2.7) as circles;
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Figure2.8 Trajectory computation. A number of intermediate points is sampled along the :
line linking the boundary pointsgd points, A. These points are scattered around accordin
uniform statistical distribution (green points, B). The trajectory is the result of a 4jdses
interpolation (red line, C).

- Set the radius (Eq. 2.3 of the guidance constraint, namely tlistance
to exceedvhenleaving thepah to feel the effect of the constraint;
- APlotd window, in whichthe effects of thentermediate updatesf the

parameters are displayed.
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APl ot o and AUpdateo buttons to control

2.2.1.1.3 Target-Reaching ®ttings GUI

The second Graphical User éntace allowshe userto customize¢ he At ar get
r eac hi .rFigue 2t9sh®vk an overview of th@indow throughwhich it is
possible tanodify the followingelements:
- The coordinatesihd of the center pointThe updated valuezetyped
i n t teptedl X nakntddbY edi t aled e t ext box
- The number of targetshat characterizethe task, can be updated in the
Anumber of targetso editable textbox;
- Thedispersion radiusf the tagetsis the measure of the distance between
the center point and each target. Its vadugped in thel r a deditatdeo
textbox anddentifies a circumferenceom which the coordinates of the

targes are sampledThe targetare equally spaced from eaather, i.e.

y = (Eg.2.6)

whereY is the angular distance aids the total number of targets.
- The distance of the regional constraemforced. Each targetassociated

with one regional constraintEach fixture can either be helpful or

unhelpful: in the first casethe fixture is placed beyonthe target,

effectively helping the user accomplishing the tasthout hindering it.

In the second case, the fixture lies before its associated target, hindering

the reaching goakor any numbeg of targets, the nature of the constraint

is statistically distributed with probability of 50®oth parameters can be

set in the fAHel pful |Ahtdble extbaxesy fi Not He
- API,68Updando ilsutonsdananagdahe setting process.
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2.2.1.2Control System

Thesystem that supports the execution of thesasklementsa Cartesiarcontrol
that, based orposition data of the tool tip of the manipulator, calculates the
amount of haptic force requiredhelp the user to accomplish the taskscheme

of thecontrol systenis shown inFigure 2.10

REAL TIME

position(t) FOAW velocity(t)
HAPTIC DEVICE » ALCORITHM
A
N CLOSEST-POINT Xeq(t)
: ALGORITHM
torque(t)

JACOBIAN MATRIX force(t) FIRST ORDER
A———
DYNAMIC SYSTEM

]T

Figure2.10 Overview of the control system.

The Cartesian control systemcismposed byhe followingblocks:

- The haptic interface;

- A derivative step that calculates the Cartesian velocity of the tool tip by
applying a First Order Adaptive Wilowing on theraw position data.
Suchanapproachthough introducing a time delagtovides an intrinsic
reduction of the noise affecting the position measurearahain improved
controller stability

- A blockthat embeds elosestpoint algorithmto calalatethe value of the

parametere 0 (Eq. 2.1), necessaryto modulatethe direction and
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magnitudeof the feedback forcdts value is computed by applying a
runtime proximity function based on the Euclidean norm between the
current position of the tool tip, and the closest plyingy on the constraint.

- A block that calculatethe modulus and the direction of tl@artesian
feedback force that has to be appliedhe tool tip of the manipulator;

- A block that implements the runtime calculation of the Jacobian matrix
0 , basedon thecurrentvalues of thgoints position read out from the
encoders of thenaster The matrix is used to calculate the values of the
torguescommandgo feed backo the haptic interface;

- A real time block that computes the relationship between thelaiion
clockand the CPU clock.

2.2.1.2.1 FOAW algorithm for velocity calculation

Thecalculation of the Cartesian velocaythe enekffector of the haptic interface
was carried out by implementing a First Order Adaptive Winahgvon raw
position datgJanabiSharifi, 2000) The choice to implement such a nmeatblogy
isdue to the fact thahe haptic device was characterized by a noisy velocity signal
that caused high frequency vibratjanfluencing the stability of the system

Let w 0 be a position signahat is sampled with period T. The measurement of
the positionw 0 is corrupted by noise due to quantization (encoders, digital
converters), or to other souscdhe measurement model is the sum of the real

position valuen 0 andsomeuncorrelated nae, i.e.

W0 WO wo (Eq.2.7)

wherew 0 is the measured pitien, ® 0 is the true position, and o is the noise

that corrupts the signdh the absence of additional information, theegan be
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considered to have a zero mean bounded uniform distrib(¢ignthe case of
pure quantiation).

The problem is to find a good estimato of the true velocity) 0 h

(Eq.2.8)

A good estimator should be able to both reject the noise and minimize calculation

delay that could compromise the stability of thesedloop system
One of the classical approashs the Finite Difference Method (FDM), based on
the Euler appoximation of the derivative operatoyjelding the following

estimate

D ¢ ' ' ‘ ) (Eg.2.9)

LO ~ ~ v q.2.
Where Qis the current time instant arifis the sample timeThis method
asymptotically breaks down at high samglirates, when high time resolution is

needed for feedback controAs the sampling timéYbecomes smaller, the

position increments decrease, but the noise component does not and

correspondingly amplified The First Order Adaptive Window algorithm
introduces an implicit dowssampling steby online adjusting the lengthof the
window within which to apply the Finite Difference method. Thigeration is
equivalent toaveragingthe lasté velocity estimate$, h0 , é0  hwith O

obtained from the FD method, i.e.

™| O
e-
e

0 VIR (Eq.2.10)
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As the application of large windows introdstene delaythatmightcompromie

the stablity of the systemthewidth of the windowshould be properly adjusted
according to thecharacteristics of theneasuredposition signal w 0 : large
windows should be applied at slow velocities and short windows should be
applied at faster velocés.Noise reduction and precision put a lower bound on
the window size, while reliability provides an upper limit for the window length
In other words, a criterion should kstablished to determine whether the slope
of a straight linereliably approximaés the derivative of a signal between two
sampleso h@ 8The selectedriterion is then used tind the longestvindow
which satisfies the accuracy requirement, solvingird max problem.

The FOAW method is based on finding a window of length wheree¢

i A @hchot8 | such that

SO w s h!Q phtB (Eq.2.11)

where &0 is the measured signaht time instant Q "® w is the
approximation ofw  calculated by means of the straightelithat linearly
interpolateghe boundary points of the window andw ;Qis the peak of the

noise superimposed to the sigriad.

Q0 sws !'Q (Eq.2.12)

The steps of the algtinm are the followindJanabiSharifi, 2000)
1. SetQ aé¢ 0E 0/ Q
2. Calculate the straight line that interpolates the painte) N
3. Check whether the line passes through all the points inside the window

within theuncertainty bandfaeach point.
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4. Ifso,andifQ 6 N n Q& 6 &&Q "Q pand GOTO step 3. Else return
the last estimate "Q
After the optimal window size has been found, the slope of the straight line gives
the estimation of the velocity . To improvethe robustness of thestimationa
Least Squares approximatiowas use instead of the slope value of the

interpolatingstraight line, giving the following estimate:

¢B W ¢cB @
"YeEE p € o

ol (Eq.2.13

The application of the Least Squares provides additional smoothing, preventing
undesired overshoothie t fast changes in the window size

For the control system implemented the length of the windovbaaisdedvithin

the interval v fp Tt TBampleswhile the noise norrof the position datavas set

toQ TEpa 4.

2.2.1.2.2 Closestpoint algorithm

The computation of the haptic force to help the user enhancing the task
performances requires some knowledge about the relative geometry between the
current position of the tool tipe 0 and the constraint geometrySwuch
computation is carried out by means of a proximity function based ouritime

calculation of the Euclidean norm:

Q0 0o 0O “©o 0o (Eq.2.14)

whereQis the Euclidean norn(® ho ) are the 2D Cartesian coordinates of the

tool tip and (o are the Cartesian coordinatestiod generic point belonging
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to the enforced constrainthe closespoint algorithm computes the coordieat

(0 hw that minimize the value of the Euclidean norm:
e O 0 AOCiw
HQ (Eq.2.15)
At each time stepe 0 O are computedby comparing the current tip

position who to the discretized points that describe constraint geometry,

and used tprovide the right amount of feedback force.

Tangent

Constraint Geometry

Figure 2.11 ClosestPoint algorithm forthe calculation of the magnitude of the feedback fi

e 4 tis the point that belongs to the constraint geometry, that minimizes the d®ance

As shownin Figure 2.11the point that satisfiedEq. 2.14)identifies a tangent to

the constraint profile that is perpendicular to the straight line passing through such

point and the point that marks the current position of the tool tip.
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2.2.1.2.3 1% Order Dynamic Model

The computation of the magnitude and direction of #eeliback force to apply to

the haptic master i s based on thA choice
described insection1.4.1.3 there is awide variety of methods described in
literaturefor enforcing active constrais) each one hang attributes thatend

themselves to certain applicat®over others (Bowyer, 2014)ccording to the

goal ofthsprojecta A Si mpl e Function of Constraint
it met all the requirements of the system, such h&s germission of small

magnitude penetratiomhile relying on asimple representation of the constraint

itself. Thebehavior of thective constrains a linear model with derivative tesn

that yields a ¥ order dfferential equation that represents achanical spring

damper system

The mechanical behavior gliidance constraintss described by equatis{Eq.

2.2) (Eq. 2.3) (Eq. 2.4)the total haptic force is given by the sum of a
perpendicular componelz that corrects for any deviations frommet path, and

the parallel componel that encourages the user to move along the pathur

application, the parallel component was set equal to zero:

| R (Eq.2.16)

e 0 T (Eq.2.17)

Thetotal haptic force is thudefined as

Bo 0e0 o 0 1Z ©Veo (Eq.2.18)
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wheree 0 is the position of the tool tim 0 is its closest point that belongs

to the constraint geometny, and'O are the stiffness and the damping parameters

of the system.

Regional Constraintare described by equati@iqg. 2.5. By applying(Eg. 2.20)

the mechanical behavior of this typkeconstraint is defined as:

o 0 e0 e 0 Ve (Eq.2.19)

wheree 0 is the position of the tool tim 0 is its closest point that belongs

to the constraint geometny, and'O are the stiffness and the damping parameters

of the system.

Tangent

Constraint Geometry

Figure2.12 Springdamper mechanical modelagsto represent the behay

of the constraint.

The value and sign of the stiffnessare important to determine the dynamic

behavior of thesystem: ay change in thenagnitudeof the stiffnesaffects how
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strongly the constraint actupon the haptic mastean increase in its value
requiresexertinga higher force to reach the same penetration depth. The sign of

the stiffness determines whethéye behavior ot he f i xture s fiatt
Airepul si ve o ;motiontowat the constraist s encoaraged, while in

the second caste tool tip is pushed awayom it. A representation of both

scenarios is showin Figure 2.13

Figure2.13 Attractive (left) and repulsive (right) constraints.

In oursystema positive value of stiffness was set, yielding a compaitnactive
behavior.

2.2.1.2.4 Jacobian Matrix

The Jacobian matrix is the matrix of all fhwtder partial derivatives of a vector
valued functionSuppose that:

"oDs O g (Eq.2.20)

is a function which takes as input the veatar a° and produces as output the

vectors e N a8 . Then the Jacobian matrixof F is ad @ &natrix defined as:

& Eqg.2.21
O e (Eq.2.21)

Its matrix representation is the following:
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In the field of robotics the Jacobian matrix relates joint velocities tce€lart
velocities of the end efttor of agenericrobotic manipulator(Craig, 2005) Its
value is dependent on the current angular position of the ,jgieiding at each
time step the geometrical relationship between the joint and Cartesian. spaces
Thus, he dimensioality of the Jacbian matrix is related to the geometrical
characteristics of the robotic manipulator: the number of rows equals the number
of degrees of freedom in the Cartesian space being considered; the number of
columnsis equal® the number of joints of the devide.the general case in which
the robot is characterized Isix Degreesof Freedomand Qjoints, the Jacobian
matrix has @ "Q dimension, yieldinghefollowing relationship:
) Il
1L & r]
RV (Eq.2.23)
n

N n
u v

whereb ,0 andu are the Cartesian components oflthearvelocity of the tool

tip,17 ,1 and] are theCartesian components of the angular velgaityd

N, én arethe joint velocities, either linear or angular, depending on the nature
of the joint, prismatic or rotationalespectively The Jacobian matrix is not only

an important parameter for kinematic transformations, but also when deiling

dynamic variablesAs shown inFigure 2.14 it is possible to establish a direct
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proportionality relationship between the Cartesian force acting on the end effector

and the torque acting on each joint whose compound action results in such a force.
The relationship is the following:

V4

Figure2.14 Representation of the relationglof the Cartesian force f

at the eneeffector of the manipulator and the torques applied to its j

W 03 (Eq.2.24)

whereWs the torque applied at joints levéis the Jacobian matrix ardis the
resulting Cartesian force felt at the ¢ifthe haptic devicdn our systemacustom
block cdculates the runtimealue of L that isthenused to obtain the torques

vectorcorresponding to the Cartesian force provided by the active constraint.
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2.2.1.2.5 Real Time Block
The real time blocks the element of the control system that gives as output the
relationship between the simulation clock and the CPU clock. According to this

80 T T T T T T T T T T

real time [s]
'
o

0 1 1 L | 1 L 1 1 1 1 1
0 50 100 150 200 250 300 350 400 450 500 550 600
simulation time [s]

Figure2.15 Linear relationship between the simulation time and the CPU time.

relationship, it is possible to calculdtee real sampling interval of the signals
recorded As shown irFigure 2.15such relationship isharacterized by highly
linear behavor. The estimation of thénear transforms carried out by using a
linearLeast Squareapproach thahims at computingthe equation of the straight
line that best approximates the d&aen a linear overdetermined system:

de @ (Eq.2.25)

whered is the system matri is the vector of the unknown parameters érisl

the vector otonstant valueshelinearLeast Squares solution is the following:

e 00 O (Eq.2.26)
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In our specific casehe application othis methodprovidesthe estimation of the

angular coefficien&i and offset] of the generic stight line:
) dw N (Eq.2.27)

wherew is the vectorcontaining the simulation time ara  is the vector
containing the CPU timeéBy arranging all the known and unknown parameters

into the system, we obtain:

w P
&

8 (Eq.2.29)

O m°O

The output of the algorithm are the unknowrandr. The value of the angular
coefficient is further eploited to compute the value of the real sample time, given

the simulation sample time:

yY o avyy (Eq.2.29)

222Har dwar e setup

The hardware setup is composdgdhree main elements:
- Thecontrd console by which the operator supervises the execution of the
trials (Figure 2.17,
- The display that provides visual feedback while the subject is either
following a trajectory oreaclhing atarget(Figure 2.17,
- Thehaptic interfacePhantomOMNI® (Sensable Technologies)

An overview of the system is shown in Figure 2.4@d Figure 2.16
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Control
Consoleﬂ

o

Figure2.17 The Hardware Setup is composeafdthree blocks: the control console, the dis

r CONTROL SYSTEM 7

PHANTOM OMNI DISPLAY

Haptic Feedback . | Visual Feedback

Figure2.16 Scheme of the Hardware Setup.

and the haptic interface.




2.2.2.1Haptic Interface: Phantom OMNI® haptic device.
The fhantom OMN® device,by SensAble Technologiesias chosen as haptic

SHOULDER
UP/DOWN

device.

ELBOW
IN/OUT
BODY &

LEFT/RIGHT

Figure 2.18 Phantom OMNI® haptic device. It is characterized by six degrees of fre
positional sensing and three torque actuators that contralnpglar position of theody, the

shoulder andhe elbowof the device

The devicas characterized bthe following technical specifications:
- Dexterous Serial manipulator design;
- Portable design and compact footprint for workplace flexibility;
- Compact workspace for easéuse;
- Stylusdocking inkwell for automatic calibration;
- Six degre-of-freedom positinal sensing;

Nominal position resolution Qi T8t va.
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223Experi menotakol

The goal of this projectis the investigation of the constraint violation
classification prformanceof two different algorithms: Hidden Markov Models
and Neural NetworksBoth classifiersare trained to distinguistbetween
Aintentd onmahdbntaemnti onal 0 vi oltentionad n o f a
violations occurwhen the enforced constraint does not share the purpose of the
human operator and thus the constraint is felt as a hindraeselting in
disturbing faces at the tool tipOn the other hand, unintentional violations are
unavoidabl e due t o i nhe positiosing of thé todl tgpl ogi c al
We set up a simplexperimentaprotocol composeaf two sections:

- Task Designin this section willbe presented thstrategiesadopted for

the conception of the tasks and their virtual enforcement;
- Task Executionin this section will be discusséle guidelinegollowed

when participants were asked to execute thestask

2.2.3.1Task Design

We decided tosepaately assess thelassification performancesfor tasks
characterized bg i t buelancefonstraintsd or fiforbiddenregiod constr ai nt s
Hence, itwas decided to implement two sets of tasks

- One subsetomposeaf 10 fipath-followingo tasks;

- One subset coppsedof 10 fitargetreaching tasks.
It was decided to introduce a degree of variability across tasks of the same type
to evaluate how the performances of both HMlsed and NMNbased classifiers
wereaffected.
I n the fir$ollsewi mgeovafapeag Wes ,introduced by
changingthree factors:

- the number and size of obstagles

- the lergth and shape of the trajectory;
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- the wdth of the tubeshaped region within which a deviation error is
permitted without any corrective force.
Inthesecond et o0 fr efat cahri gnegtegree oh\varialsility was introduced
by changing:
- thenumber of target points
- thedistance betweeié center point and each target;

thestrength of théi f or bi d d eomstraine gi on o

2.2.3.2Task execution

We asked 12 subjecged between 20 and 30, to perform the total set of 20 tasks
each ten pathfollowing tasks and ten targetaching tasksTo guarantee
reliability and reproducibility of the experiments the following guidelines were
followed:

1. The subject is asked whiclamd he/she prefers using to grasp the stylus
of the Phantom Omnthe relative position between the display and the
haptic interface is consequently adjusted;

2. The subject sgtand adjusgtthe height of the chair such that his/her elbow
can be positioned oafortably on thdable;

3. The subject is asked to line up his/her elbow with the centerline of the
haptic manipulator;

4. The robot workspace is defined as follows:

LooN wf] o q;
i. N x M mTTua q;

5. The subject is asked, pivoting on the elbow, to freely move the stylus,

and set the elbowobot distance such that he/she can reach the

workspace boundaries without shift the elbow;
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Path-following protocol.Once the shject is set into the correct position he/she is

asked to execute the first set of followitagks:

10 . f - -
ol
10+ 1
"=-20 -
- :
= N iccon
40 I Obsiactes |
-50 .
-60 - x - '
-60 -40 -20 0 20
X [mm]

Figure2.19 Example of "patHfollowing" task. It is displayed the trajectory (b

line), and the circular obstacles (red circles) placed along the path.

1. The trajectory is visualized on the screen, together with the circular
obstacleqFigure 2.19; a pointer identifies the reéiime position of the
tool-tip of the endeffector with respect to the path and obstacles;

2. For each taskhe subject is instructed fof o | | dispiayédinagectory
as accurately as possible, relyingtbon the visual and haptic feedback.
The circular obstacles must be externailgumvented either sidesas
accurately as possibleying not to violate the inner are@heexecution

time is not i mportanto.
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3. The subject is free to choose one of the two boundary points of the path as
A frt poind. The pointer is located onto thisippand consequently the
constraints are enforced;

4. The execution is stopped when the opposite pointjiimel poinbt, is
reached.

Targetreaching protocolAfter the subject hagerformedall ten pathkfollowing
tasks, he/she can rest to recofrem muscuar fatigue.After a period of about
five minutes, the targetaching taskareexecuted:
1. The targets are visualized on the screen, markezb@®ints The subjet
is asked to position thgointer that identifies the tool tip, on the center

point, maked with a blugoint.

, S — [
20} :
o 0
=) |
£ °
7401 -
o S
N Tarccip |
1 d | L3 |
20 10 0 10 20

Figure2.20 Example of "targeteaching” task. The subject is askegosition the toc

tip, as accurately as possible, onto the current target point, marked with a gree
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2. The constraints are enforced, and one of the target become green. The
subject is asked to reach the target and stop the pointer on the green marker
as accurately gzossible(Figure 2.2(. Oncethe target is reached, he/she
waits forabout three seconds and then returns to the center point;

3. The target point is updated and the user repeats the reachingawto
the new target

4. The task finishesnceall the targets have been reached.

23Cl assi fication Met hods

In machine learning theg, classification refers to the problem of identifying to
which set of categories the actual observation belongs. The observation is a vector
of measured/ computed features describing
want to place into the correct cagr category. In general, classification methods
are built upon two main steps: the training phase and the validation phase. The
training phase is the first step of the procedure, during which the classifiex learn
to recognize and distinguish the variefiyclasses that compose the training set.
According to classification theoryhtee main training approaches exidertz,
1991)
- Supervised learning,in which the training process is done by comparing
the actual output of the network with known correaswaers (learning
with a teacher).
- Reinforcement learning,in which the network knows whether the output
IS correct or not;
- Unsupervised learning, in which the training process is carried out
without any teacher: the network is expected to create categorite
basis of the correlations of the input data, and to produce output signals

comresponding to the input categories
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The second step is the validation phase, during which the classifier is used to
categorize new observations, different from those tmetthe training phase.

In the following sections, two classification approaches are discussed: Hidden
Markov Models (Li, 2006) and Neural Networks. The first approach is an
unsupervised method based upon a probabilistic model of the observation data,
which computes the likelihood that the current observation vector belongs to a
given statistical distribution. The second approach is a supervised methodology
based on a nonlinear mapping functi@etween & -dimensional input space

and a & -dimensional output space. The input space is compos$ethe
observation vectors, while the output space dimension is equal to the number of

classes we want the input data be sorted.

231Mar kov Model s

Markov Mocels (MM) were first introduced and studied in the late 1960s and
early 1970s as a statistical method to study and modelvedd processes. The
reason as to why Markov Models have become increasingly popular in the last
several years is mainly due to fiaet that MM are based on a strong mathematical
structure. Hence, they can form the theoretical basis for use in a wide range of
applications, such as dme handwriting recognition, speech and gesture
recognition, language modeling, motion video analgsid tracking, protein/gene
sequence alignment, stock price prediction.

The conception of Markov models was inspired by the fact thatwesddl
processes generally produce observable outputs, which can be characterized as
signals. These signals can erthee discrete (e.g., characters from a finite
alphabet), or continuous (e.g., temperature measurement). The goal of Markov
Models is to characterize such signals in terms of signal models, namely to build

a mathematical structure that is able to explaia time evolution of the
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observed/measured phenomenon. The advantages that arise from having a reliable
model are the following:

- A model provides the basis for a theoretical description of a signal
processing system that can be used to process the sightditoa desired
output;

- The model can provide a description of the signal source without directly
observing it;

- Models are generally powerful tools in practical applications, like
prediction, recognition and identification systems.

MMs are based on a $igtical approach, which is built on the hypothesis that the
observable signal is the result of a parametric random process. The process

parameters can be estimated/determined in adeéthed manner.

2.3.1.1Markov Chains

The simplest implementation of Markovddels are Markov Chaindrabiner,
1989) A Markov Chain is a discrete system that is described at any time as being
in one of the set ob distinct stateSYRYB RY. At each time incremeri

phcho8, the system undergoes a change of state, according to a set of
probabilities associated with each staterigure 2.14s shown a 3state Markov
Chain with transition probalifies associated to states A, B and C. Markov Chains

are characterized by the following probabilistic description:

~ ~ ~ ~

on YN “Ym Y8 on ¥ Y (Eq.2.30)

wheren is the state at timé@and"Y identifies the actual state. This probabilistic
description implies that the state at timis a function of only the state at time
0 phyielding a firstorder MM.

The transition probabiliés matrixo is defined as:
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Figure2.21 Example of Markov Chainharacterized by three states A, B and C

® 0n § Y p BHQ U (Eq.2.31)

The elements of the matrixobey the following stochastic constraints:

W T (Eq.2.32)
W p (Eq.2.33)
If the measured output is the set of stafes t he model is called

Otherwise, if the observation is the resaflia probabilistic function of the state,
t he mod e IHiddesMMoa |(|HeMIM) i
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2.3.1.2Hidden Markov Models (HMMs)
HMMs are discrete models where the current gjais not directly observable,
because the state is nAhi ddaesedquencewfh at

observations produced by a stochastic function of the state, i.e.

F FFEFES8H (Eq.2.34)

HHMs are described by five parametéRabiner, 1989)
- U is the number of states the model;
- 0 is the number of distinct observation symbols (the discrete alphabet
size);

- The state transition probability distribution @& ;

~ ~

- The observation symbol probability distribution in stgé ®»Qh

where
F FFEFEBH (Eq.2.35)
©Q 00 od Y p Q0 (Eq.2.36)
p QO
- The inital state distributiori “ , where
“ 0 Y p Q0 (Eq.2.37)

HMMs are generally associated with three basic prob(&abiner, 1989)
- Given an tservation sequence and a model 6MH , how do we

computed Us_, the probability of the observation sequence given the
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model ? Such probl em ifewardgboalcvkendar by us
algorithm Rabiner, 1989 (Devijer, 1985)

- Given an observain sequence and a model O6mH , how do we
compute the corresponding state sequence that best explains the
observationsBuch problem is solved byiumng t he AViterbi o &
(Rabiner, 1989) (Forney Jr, 1973)

- How do we adjust the model paramster O6MH to maximize
0 Os_? To solve this problem an iterative procedure is necessary, that
locally maximizes the quantity 0s_, such -Wel éiB@aumet hod

and gradient techniques (Rabiner, 1989)

2.3.1.3Continuous HMMs

The HMM described so fds suitable when dealing with discrete observations,
for which an observation probability to infer some knowledge about the
process. However, for some applications the measured system output is
continuous signal. Although this problem can be overcbgéiscretizing the
signal, it is preferred to introduce a probability density function (pdf) to model the
stateobservation relationship. The most general representation of the pdf is a

finite mixture if the form:

o F O. Kt AY p Q0 (Eq.2.39)

where F is the vector being modeled, is the mixture coefficient for thé th
mixture in statéand is any logconcave or kiptically symmetic density (e.g.,
Gaussian density) with mean veckpr and covariance matrig  for thed th

mixture component in stat€® This relationship can be used to approximate,
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arbitrarily closely, any finite, continuous density function. The torx gains

satisfy the stochastic constraint

(Eq.2.39)

e
pe]
pe]

@)

(e

0 T p Q Ofp & O (Eq.2.40)

According to these constraints, the pdf is properly normalized such that

OO p p Q0 (Eq.2.41)

The reestimation process yieldgtupdated values of the mixture coefficients,

the mean vector and the covaitea matrix for each mixture (Liporace, 1982)

2.32Neur al Net wor ks

Neural Networks (NN) were first introduced as an alternative computational
paradigm to the usual one (based on pnognad instruction sequences) which
was introduce by Von Neumann and has been used as the basis of almost all
machine computation to date. NNs studies were inspired by knowledge from
neuroscience and by the wide range possibility of making artificial contputi
networks(Hertz, 1991) In particular, the structure and functioning of a general
Neural Network is inspired to the structure and functions of a biological neuron,
shown inFigure 2.22
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Dendrites

Cell Body

Figure2.22 Scheme of a biological neuron.

The general neuron structure is characterized by the folloviengeats:

- Atreel i ke net work of fibers called fAden
information;
- A fdcell bodyo or fAsomao, where the n

dendrites convey the information which is then processed,

- A single long fiber originatingrfom t he s oma, call ed
eventually branches into strands and-strands. The axon outputs the
processed information to further neurons by means of the synaptic
junctions.

The transmission of the signal from one cell to another is a complexiaadiem
process whose effect is to raise or lower the electrical potential inside the body of
the receiving cell. If this potential reaches a threshold, an action potential is sent
down the axon: the cell has fired. In 1943, McCulloch and Pitts proposegla sim
model of a neuron as a binary threshold unit that computes a weighted sum of its

i nputs and outputs fA106 or AO0O0 accordi
given threshold:
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or in vector notation,

: (Eq.2.42)

(Eq.2.43)

activation
functon

¢

— Vi

activation
transfer
function
i
threshold

Figure2.23 McCulloch Pitts unit.

Wherew represents the state of neuf@sfiring (0w p) ornot firing (0 1), 0

is the discrete time argl @ is the Heaviside function defined as:

3.

The weights0

neuron'Qo neuroriQDepending on the nature of such connection, weights might

assume either

Ainhibitoryd

p Q@ m

00 T (Eq.2.44)

represent the strength of the synaptic junction that connects

positive or negative

S y n a pspeeific parameter asahe threshadldy .
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value for unitQthat setshe value that has to be overcome to have an input signal
@ 0 T1BANn overview of the McCullociPitts structure is showin Figure 2.23
Though a McCullockPitts unit is a computationally powerful device, its structure
is much simplern comparisond the biological neurons that are characterized by
the following features:

- They are not threshold entities, but respond in a continuous way (graded

response);

- They might perforrmonlinearsummation of inputs;

- They produce a train of impulses, not a sinquigut level;

- The firing delay is not fixed, but varies stochastically;

- Multiple neurons acts asynchronously with respect to each other;

- The amount of transmitter may vary unpredictably.
A generalization of the McCulloeRitts equation that can embed soofi¢hese

features is the following

wo p Q O wo (Eq.2.45)

where'QDi s a more gener al nonlinear continu

or fistateodo function.

2.3.2.1Perceptron Units

The fundamental McCulloeRitts unit is the building block of the smlled
ARosenbl at't Perceptrono. A peforvaelpt ron i
structure, composed by a set of input terminals, one or more intermediate layers

of units,and a final output layer where the result of the computation is read off

(Hertz, 1991) The structure of a feedrward network is defined such that each

neuron belonging to the lay&can only convey the information to any of the
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neurons belonging to the next lay® p. No backward propagation nor
communication with neurons belonging to the same layer is permitted. An

overview of the structure of the perceptron is shawRigure2.24

\ 4

Input Layer  Hidden Layers Output Layer

{

Figure2.24 Scheme of the Perceptron Unit.

The structure of a perceptron is defined by the following elements:
- Number of inputs) ;
- Number of output® ;
- Number of Hidden layers and number of neurons to locate in each layer;
- Topology of connections among different layers;
- Activation functiors that characterize each neuron.
The choice of the proper activation function has to be defined on the basis of the
specific goal of the network. In general, perceptron is required to execute an
association task, that can be cast in the form of asking fmarticular output

pattern, in response to a given input pattern Hence, we want that the actual

output patterny  has to be equal to the target (desired) pattern
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Such association between the input and the output spaces requires that the network
learn which is the optimal mapping function between these spaces. The mapping
ther

functi on

can

ei

| G

on thecharacteristics of the input data.

per f or tion, depdndingnear o

(Eq.2.46)

The most common activation functioiiD are shownn Figure 2.25
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Figure 2.25 Common activation functions:gs function (A), linear function (B), sigmoid

function (C) and hyperbolic tangent (D).
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2.3.2.2Neural Network Input Spaces

The training process of neural net wor ks

mapping function between the input and output spaces:

"B © s (Eq.2.47)

Whered is the dimension of the input space @&nid the dimension of the output
space. The dimensionality of both spaces represents the number of input and
output neurons, respeatlly. In generak & . The choice of the dimension of

the output space depends on the particular mapping function that the network has
to perform. For example, in a binary classification function, the output space is
characterized by a dimensién p, yielding one single neuron that outputs the
result of the classificatiot p. In prototyping tasks, the dimensiommatches

the number of prototypes that the network should learn to detect and classify. On
the other hand, the input space is compaddte variables deemed meaningful

for the optimal training of the network.

2.3.2.2.1 Statistical Input Space

A statistical parameter is a numerical characteristics of a populatiotedistical

model In statistical inference, parameters are often unknown and babe t
inferred on the basis of the observation of a random sample taken from the
population of interest. Given a continuous time signal, a general discrete
sequence od samples, that represents a random observation of such signal, can

be expressed as:

n n ¢ pfB M (Eq.2.48)

88



Starting from a finite sagence of samples, some statistical parameters are defined

to describe the characteristics of the continuous s{gahyomark, 2012)

Arithmetic mean ;
Variance, ;
Integral ValueOw
EnergyG,

Maximum Valued «

Waveform Lengtly , ;

Average Ampikude Change ! #

Arithmetic meari . The arithmetic meah is an index of central tendency that

represents the center value of a given random variable. The statistical estimator is

defined as follows:

P
0

(Eq.2.49)

where 0 is the number of samples of the observation vector. This statistical

esti mator i s

Variance, . The variance

set of numbers is spread out. A little value means that the observations tend to be

an

Aunbi

ased

esti

mat or O

is an index of dispersion that represent fiar a

very close to the mean value. The statistical estimator of the variance is defined:

(Eq.2.50)

where* is the mean value, and is the number of samples. This statistical

esti mator i s

an

Aunbi
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Integral ValueOwThe integral value is defined as the sum of the samples of the

observation vector, i.e.

0h N (Eq.2.51)

Energy Q. The energy of a finite sequence of data is defined as the sum of the

square value of the observation vector, i.e.

O n (Eg.2.52)

Maximum Valu& & The maximum value is the sample with the absolute highest

value, i.e.
00 AOCIMA@ (Eq.2.53)

Waveformlengthw 0. The waveform length is the index that estimates the length

of the time profile of the finite sequence. Hence, it is defined as:

W0 9 i s (Eq.2.54)

Average Amplitde Chang® 0 0 The average amplitude change is an estimator

proportional to the derivative of the signal, defined as:

000 g 9 ns (Eqg.2.55)

Y
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The seven parameters aafe mentioned are the descriptors of a general
observation vector constituted by finite sequence of data withdrawn from a
continuous signal. These parameters are computed from the time evolution of the

signal. In the next section, a frequerdymain approeh will be discussed.

2.3.2.2.2 Frequency Input Space

Frequency analysis is an alternative methodology to time analysis when studying

the characteristics of stochastic and deterministic signals. Frequency analysis,

call ed al so fispect r alpositienmmfalgiyes sigaalintp er f or m
its basic frequency components. Given a continuous time sighathe simplest

mapping operator from time domain to frequency domain is the Fourier
Transform (FT), that yields the decomposition of the signa into an

orthonormal space constituted by sine and cosine functions givédagak,

2011)

Y'Q i 0Q Qo (Eq. 2.56)

wherei 0 is the time signalQs the frequency variable afid’Q is the Fourier
Transform of the signal. The FT is a compietued function of the frequency,
whose absolute value represents the amount of that frequency present in the
original function and whose complex argument is the phase offset of the basic
sinusoid in that frequency. The main drawback of the Fourier Transform is that
the time information is lost, as the quanti¥o does not depend am(Nayak,

2011) For this reasarFT is a powerful technique for stationary signals, where
the characterigts do not change with time. For netationary signals, the
spectral content changes with time and hence-&wszaged amplitude spectrum
found by using Fourier Transform is inadequate to track the changes in the signal
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magnitude, frequency or phase. Tirst attempt to introduce an explicit time
dependence is the Short Time Fourier Transform (STFT), the result of repeatedly
multiplying the signal with shifted short time windows and performing the FT on

it. The STFT of a signdl 0 is defined as:

"YHQ i ovo tQ Qo (Eq.2.57)
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Figure2.26 Application of Short Time Fourier Transforfihe original signal is windowed a

the local spectrum is calculated.

Where0 0 is the windowing function, whose purpose is to dissect the signal to

smaller segments, where the segmehtbe signal are assumed to be stationary.

The resulting spectrum of Figuei26hawsndow i s
a scheme of the STFT methdthe STFT represent a compromise betwaae

and frequency views of a given signal. It provides sorfamation about both

when and at what frequency a signal event occurs. However, the reliability of the
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information is strictly linked to the size of the window. Due to the fact that
constant a window is used in STFT approach, all parts of the sigreth@yzed

with the same resolution. This constitutes the main drawback of the method,
because at high frequencies good time resolution is needed, while at low
frequencies a good frequency resolution is essential. The frequency resolution is
proportional tothe bandwidth of the windowing function, while time resolution

is proportional to the length of the window. Consequently, a short window is
needed for good time resolution, and a long window is needed for good frequency
resolution. This limitation is dueotthe Heisenber@abor inequality(Nayak,
2011):

3L © (Eq.2.58)

where 30 and 3"'Qare the time and frequency resolution, respectiv@lyis a
constant that is dependent on the type of wwndg function used. To overcome

all the problems associated with Fourier analysis, a new mapping function based
on Wavelets Transform is introduced. Like the Fourier Transform, the Continuous
Wavelet Transform (CWT) uses inner products to measure thiasiynibetween

a signali 0 and an analyzing function. Unlike, the FT and STFT, that exploit
sine and cosine functions to decompose the signal, this approach deploys wavelets
[, that are waveforms with limited duration in time, average value of zero and
nonzero normTable 21 showsa comparison of the three analyzing functions
used in Fourier Transform, Short Time Fourier Transform and Wavelet
Transform, respectively.

The principle of CWT is to compare the signal to shifted and scaled (compressed
or stretched) movtelresriconsvawvwel eda. A Thi s ope
transformatiorto  oHQ that embeds both time and frequency information, which

are related to shifting and scaling operations, respectively.
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Analyzing
function

Complex
FOURIER Exponential

TRASFORM

Q

Wind d
SHORT TIME [t

FOURIER Exponential
TRANSFORM

0 0Q
Wavelet
WAVELET function 05
TRANSFORM _
[ onQ 0

Table2.1. Comparison of the differemhother functions used for spectral analysis, in the casi

Fourier Transform, Bort Time Fourier Transform and Wavelet Transform.

Given a mother Wavelet, the Continuous Wavelet Transform is defined as:

~

AR L b’ 0006 (Eq.2.59)
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wherei 0 is the time signal,®is the scaling parametef)is the translation

parameter and °g 0 is the dilation and translation of the mother Wavelet:

[ — (Eq.2.60)

— : : : As aforemationed, the parameters
a=—- | @ and @ control the amount of
scaling and shifting of the mother
wavelet @ ¢, respectively.
Hence, the parametébis related
0% 5 10 15 20 2 30 to the frequency content of the
signal, while the parameteb is
1 1 relatedto its time informationin
= 05| Figure 2.27is shown the effect of
changing the value of the
parameteta The smaller the scale
factor, the more compressed the
wavelet. Conversely, the larger the
scale factor, the more stretched the
> 05 wavelet. Therefore, the frequency
support of each wavelet is

modulated accordingly. Stretching
-0.5
0

X the wavelet in time causes its

Figure 2.27 Effect of the scaling factor on t support in the frequency domain to

mother Wavelet. shrink. In addition to shrinking the
frequency support, the center

frequency of the wavelet shifts toward lower frequencies. The effect of the

modulation of the parametéris shownin Figure 2.28By changing the value of
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& the analyzing wavelet undergoes shift along the time axis, yielding.

Consequently, it is superimposedto different segments of the signalo ,

yielding the time information. In the CWT, botlarameters assume continuous

values. In particular:
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Figure 2.28 Effect of the shifting factor on the motl

Wavelet.
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(Eq.2.61)

In  (Burrus, 1998) it

demonstrated that the Continuous

was

Wavelet Transform provides a
redundant representation of the
signal in the sense that the entire
support of® ¢ need not be
used to correctly recover the
The
minimum amount of information
that is

original signal i 0.
required to correctly
reconstruct the original signal
i 0 is obtained by down
CWT

intervals. This corresponds to the

samplingt h e at
evaluation of the CWT at discrete
values of the scaling and shifting
parametersity such that:

ndyad



~

O ¢ Q phchB Wb (Eq.2.62)

~ ~ ~

0 ¢ Q Q0 HB ph chipht8 Hb (Eq.2.63)

This operation correspoatb applying a dowssampling procedure to the CWT

yielding the Discrete Wavelet Transform (DT\Wfthe signal 0, defined as:

» o ¢
& G oL 25 Yqs (Eq.2.64)
e C

Graphically, the dowssampling effect corresponds to the superimposition of a
dyadic grd to the CWT.

)
a
L J * L]
* * * * L ] L
* L 4 * L J * L ] L * L] * L *
® & & & & & & 0 6 OO N

o

b

Figure2.29 2D representation of the dyadic grid that yields the optimal sampfiting

CWT to preserve all the information of the original signal.

The Discrete Wavelet Transform has the necessary information for the correct
reconstruction of the original signal by means of the Inverse Discrete Wavelet
Transform (IDWT), defined as:
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i 0 Q¢ [ ¢co 1 (Eq.2.65)

whereQ 0 are the Wavelet coefficients, that can be interpreted as the degree of

correlation between tHe & and the mother Wavelet for a fixed paifto .
The Discrée Wavelet Transform can be interpreted asitarative filtering

technique (Burrus, 1998)he computation of the wavelet coefficiei2sQ at a

fixed scalewis the result of the following filtering operation

oo i oz O (Eq.2.66)

wherel has a bandimited spectrum, so the filtering operation is a bpads

filter. This is the fundamental property that characterizes the Fast Wavelet
Transform (FWT) algorithm, which was first dewped by Mallat in 1988. The
algorithm yields the discrete coefficients by recursively applying a-pasd

filter with halved frequency support. The output of the Mallat algorithm is the
Wavelet decomposition tree of the original signal 8At each iteative step, the
bandpass filtering operation splits up the input signal into a-fimguency
component and a higlhequency component, that are usually referred to as
Aapproximationo (cAn) and Adetail o (cDn)
of thealgorithm is shown in FIG. The first step of the algorithm is to apply a-band
pass filter corresponding to the mother wavelet with scale fagtont to the
signali ¢, thus obtaining thesllevel Wavelet decomposition coefficients cAl
and cD1. At each successive step, the frequency support of the actupklsand
filter is halved, due to the increase in the scale factor with the power of2. Th
filter is then applied to the approximation coefficients obtained at the previous

iteration. The maximum number of iterations that outputs a correct Wavelet
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decomposition tree is linked to the length of the signal and to its sampling
frequency(Burrus, 1998)

Approximation Detail Coefficients
Coefficient cAl cD1 \ £
! v \
Approximation Detail Coefficients
Coefficient cA2 cD2 f
¥ N

Approximation Detail Coefficients
Coefficient cA3 cD3 f

Figure2.30 Graphical representation of the Wavelet Decomposition algorithm.

An important property of the DWT is that the energy of the signal is
distributed across the decomposition tree without loss of informé#itmer,
1999) Let 0 represent the decomposition level be applied to a finite sequence of

datar) 1 . The energy of the sequence of datas defined as:

(0 r‘| (Eq.2.67)

G anddO r epresent the fiapproxi mat iQofno and

the Wavelet tree. The distribution of energy is formalized as follows:

0 © 0 (Eq.2.69)
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where’O s the energy content of the approximation sequence of levand
'O is the energy content of the detail sequences of l®veph8 hj . For each
decomposition level) the amount of energy is given by:

®
Ob pniE (Eq.2.69)

24DatanalAysi s

TheData Analysisstepsarerelated to signal processing and traingiaseof the
HMM-based and NMbased algorithmshe mainsteps are the following:
1. Recordingof the Cartesian Forddt) that describes the evolution of the
interaction between & tool tip of thehaptic deviceand the active
constraint;
2. Segmentatioof the force signal on the basis of the existence of interaction
forcef]
3. Labelling. The segments obtained are automatically labeled as
Aintentional o0 or fAounintentional Vvio
4. Dataset creationThe segments are sorted into different datasets;
5. Training PhaseBoth HHM-based and NMNbased classifiers are trained to
disi ngui sh between Aintentional 6 and fu
6. Validation Phase.The trained classifiers are usdd classify the
observations of the validation sets;
7. Evaluation.The performancef each methods assessed on the basis of

theassociated@onfusion matrixes and ROC curves
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Recording.During the execution of the tasihe Cartesian components of the
force vectorf(t) are recorded. The@mponent of the force is set to zero as the

task is performed on a 2D plane:

Qo
Boe oo (EqQ.2.70)
Tt

The modulus of the force is computed as:

"o Mo Qo (Eq.2.71)

Segmentatin. For each task, the modulus of the foidé is split into segments
(Figure 2.3): Each segmentpreserd onesingle interaction between the tip and

the constraintThe £gmentsarerepresented by a nonzero valuetainteraction

force
0.035_ T T T T T T T ]
0.03 g
£.0.025 .
)]
3
2 0.02
e
o 0.015F 1
o
S 0.01f :
0.005 I / ,_H 1 -
O' ‘ b e 1 1 1
232 234 236 238 2.4 2.42 2.44
Time [s]

Figure2.31 Example of two consecutive force segments, separated by a row of zero sam
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Mo (Eq.2.72)

Segments are interspersedfbyce sampls equal to zero, meaning than that
time interval,the subjecthas not violatethe constraintThe condition that sets
the boundaries of each segmare the following:

m 0 vai o0 o
"o m o 0 0o (Eq.2.73)
T o 0 0 LT
whereo is the tme instanin which the interaction begins, is the time

instant where the interaction ends, 50ms is the time required separate two

consecutive agments.

Automatic labelling To build up aproper classifier, it is necessary to train and
validae the model During the trainingphase,the model learnsto correctly
classify the input observations of the training separticular,Neural networks

arecharacterized by a A:gsheweghtsanddbiasdsf | ear ni

the networkareupdatel on the basis athe error between the desired output and

the current outpu (Eq. 2.46) Hence, supervised learning requires the
classification results to be knowa-priori. Moreover, this information is
important during the validation phaseas the assesment of the classifier
performanceas based on the comparisbetweenthe output result and thgue

value of the classificationTo obtain suchapriori knowledge, an automatic
labelling algorithm was set up, thus avoidiegher manual labelling of each
interactionor asking the subject to explicitigll his/her will to act against the
constraint The automatic labellinglgorithm was based on th@artesiarposition

of the tool tip of the haptic interfacE.o r t hfeo IAilpcawihngo t as k,

n o of the end effectois compard to the Cartesianoordindesof thecenter of
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eachci rcul ar obstacles pl aceéd ealcohn gn gtoh et atsrk
the position 0 is compared téhe Cartesian position of each target palite

values were assigned such that

‘0¢ 0 Q& w(TEE eaco®0 QE €
Y& Q& 0 'QELOLEE & BIA'RE £

Dataset creationTo separately assess the classification performandbe case

of bothigui danceo aredi B hranmdriwohdifenent datasets

were created. Each dataset was furtherly splitaritaining set and a validation

set the segments were randomly split and the observations were uniformly

di stributed such that the numbei obht ione
wasevenly splitbetween the training and the validation phabkesice, a total of

four datasets asobtained.

Training phaseDuring the training phase, the algorithm learns to distinguish
bet ween Aintentional 0 s &ahmed traininghprooteese nt i on al
were carried out:

1. HMM-based classifigiSection2.3.1.3;

2. NN-based classifier with statistical inputs (StNISection2.3.2.2.);

3. NN-based classifier with spectral inpy&oNN) (Section2.3.2.2.2;

The HMM-based classifieils composef two parallel Hidden Markov Mods)|

each onseparatelyrainedeitheronfi i nt e n tonflounnail ndt eort i onal 0 vi
(Figure 2.32. The training seis canstitutedby observation vectoextracted from

the modulus of the interaction foraggnal "6 . To train the model it was
hypothesized that the observatimuild be explained asrandom realization of

a mixture of Gaussian distributions, characiedi by different mean and
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Unintentional

ﬁ #

HMM

Figure2.32 HMM -based model

standard deviatior). Thebestnumber of Gaussian distributieswas computed
by means of an optimizatioalgorithnm it was found thahine Gaussians bells
providedthe best interpolation of the input da@onsequently, thaumber of
states was set equal to the numbkGaussian bells of the mixturand the

trainingprocessvas executed.

The Neural Networkclassifies weretrained on the basis of two different input
features: statistical featurdSection2.3.2.2.]) and spectral featureSection
2.3.2.2.2, both extracted from the segments of the interaction figrel (0 .
Two classifier were obtained:statisticabased NN (StNN), and a specthaised
NN (SpNN).

The structure of the StNN is the following:

- T7input neurons. As discussed in secoB.2.2.]1 seven statistical features
have been taken into account: mean, variance, maximum point, energy,
integral value, waveform lengtand average amplitude chang&ach
statistical parameter was computedeach segment

- 1 hidden layer, composed 15 neurons;

- 1output neuron, that yieldbe classificationresults( p).

The structure of the SpNN is the following:
- 10 input newns. As discussed irsection 2.3.2.2.2 the Wavelet

decomposition algorithm, down to levél, is applied to each force
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segment and the distributionof the signal energy acrosthe different
Waveletlevels(Eq. 2.69)iscomputed a Daubechies .0db1l6 we
- 1 hidden layer, composed B9 neurons;
- 1 output neuron, that yields the result the classification ( p).
For both networks fAhyperbolic tangento (
to bound the ouput in the intervalph p , and the training phase was performed
on the basis adhefiLevenbergMarquardd al gor i t hm.

ValidationphaseDuring the validation phase, the models are deployed to classify
the observatiosof the validation sein both HMM and NN methods, we want to
assess which is the minimum time required, aftervib&ation has started, to
obtain reliable classifi¢eon results. The fundamental hypothesis is that, during
the very first phase of thateraction the information extracted is not sufficient

to detect intentional violations, as the magnitude range of the force §ignas

eqgual to the one characterizing unintentional violations. However, after a certain
amount of time, the magnitude of the interaction force increases as the operator

wants to either circurent an obstacle or reach a &irgThe minimum time

0.8

#5 — SEGMENT

o
(o))
T
3+
£
L

Force modulus [N]
o
=N

2.8 3 3.2 3.4 3.6
Time [s]

Figure 2.33 Application of the HMMbased classifieon a force segmentThe

observation buffers (#1, #2, -time)apphcatier
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required to yield a reliable detection of intentional events is the research question.
Both models were applied separately on each segment.

The HMM-basedmodel (Figure 2.32) was validatedoy giving as observation
vectora series ofbuffers (50 sanples)shifted in time, to simulate the rei@ine
application(Figure 2.33. The model outputs two likelihood function%. and
%, related toboth the intentionaHMM and unintentionaHMM. The
likelihood scorerepresents the probability that the current buffer, which
constitutes the observation vegtoelongs either tthe first or thesecond model.

We expect thafor intentional violationsthe likelihood related to the intentional
HMM will be significantly higher than the likelihood associated to the
unintentionalHMM.

The NNbased models were validated by feeding the network with the time
evolutionof either statistical or spectral featureer the StNN, sttistical features

were computed iterativelyver time, following the general relationship

0 Y 0 phHoh (Eq.2.74)

With 0 0O O

| O is any statistical parameteat the current time instarit, 0 p is any
statistical parameter computedt the previous €p i 0 is the current value
samplel from the forcesegment0 is the actual number of samples since the
violation has startedrhe definition ofthe severstatisticalparameters igection
2.3.2.2.1is modified as follows

Arithmetic Meart O.

(@}

pt O p O

t O (Eq.2.75)

Integral Value) 6.
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)0 ) p 00N (EQ.2.76)

Energy% O

%0 %O p OO (Eq.2.77)
VarianceA 0

%O .t O (Eq.2.79)

Maximum Value) w0
-60 1 A@60 phoO (EQ.2.79)
Waveform Lengtkb O 0
7,0 7,0p HO 060 ps (Eq.2.80)
Average Amplitude Changeo @
w0 o

50 & (Eq.2.81)

The SpNN model was validatéy feeding the network witthe time evolution

of the amount energywf distribuied across different frequency bandss
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discussed isection2.3.2.2.2the Wavelet decomposition is a linear operator with

respect to the energy of the signal to decompose, i.e.

0O © (0 (Eq.2.82)

WhereO is the energy of the force segme@, is the energy content of the
approximation sequence of level andO is the enggy content of the detail
sequences of leved pHB . The energy distributiorwas calculated by
extracting fran eachforce segment a buffer of samples of increasing length

(Figure 2.34. The Waveletdecomposition was computed, yielding the energy
distribution;

O
O b p nﬁa (Eq.2.83
ForQ pB0o p.
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Figure2.34 Extraction of buffers of increasing length from a force segment.
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Evaluation PhaseWe chose to evaluate the performanckshe classifiersat
each time step in the discrete time evolutitmpughthe construction of the
confusion matrix (Vercellis, 2006) which vyields the amount of correctly
classified and misclassified observagoiThe confusion matrix is characterized
by four parameters:
1. True Positive4 Q is the amount of intentional violations cectly
classified;
2. True Negative'Y(j is the amount of unintentional violations correctly
classified;
3. False NegativéOQ is the amount of misclassified intentional violations;
4. False PositivéO( is the amount of misclassified unintentional violations;

The confusion matrix is the falwving:

PREDICTIONS

OBSERVATIONS

+1 FN TP

Table2.2 Scheme of a gener@lonfusion Matrix

These four valueshat constitute the confusion matrix are used tfindetwo
indexes of performanceSensitivity and Specificity. The sensitivity is the
percentage of intentional violations correctly classified:

"YO

VO —— Eq.2.84
YQ ~T 00 (Eq )
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The specificity is the percentage of unintentional violations correctly classified:

YO

. Eq.2.8
~5 00 (Eq.2.85)

Y
Both in thecase of HMMbasd and NNbased model, the output function is not

a binary classification, but a continuous function. In the first case, the likelihood

function can assume valuessin The neural network output valuasebounded

intheinterval ph p,as a consequence to the choice
functions. To fill the confusion matrixa further discretization step must be

introduced, by applypg a thresholdto the continuous outputBy tuning this

threshold, the values of specificity and sawgy will vary accordingly: an

increase in the sensitiviyf the modeleads to a decrease in ¢hsensitivityand

vice versa

We judged that, in surgical applications, it would be advisable to have a higher
specificity level and accept a lower degreé sensitivity. This choicehas ben

done on the basis sfafety reasons: in a reslirgicalscenario, the detection of

intentional violationsshould trigger the adaptatioandbr removal of the

assistance level provided by thetive constraint. Thus, a higpercentage of

Af al sesoposiamevyeg a high number of ,miscl as
would mean thain many cases, the adaption is triggexednthoughthe surgeon

is not acting against the constraint. On the other hand, a high sped#oy

ensures that a high percentage of unintentional violations is reliably dedaedted

rejected. Consequentlythe sensitivity level decreases arbe detection of

intentional violatios is lessreliable. However the system is safer asa
misclassifcation of intentional actions has no effects on the adaptation level.

This reasomead us to compute thikscretizatiorthreshold on the basof a given

specificity level:the sensitivity index is consequently computed.
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For the HMMbased model, the threslld is compared with the absolute

difference3%oin the likelihood scores

3%o0 %o %o S (Eq 2.86)

If this difference overcomes a thresheldhecurrent observatiois classified as
intentional

For the NNbased the threshoklis compared to the current output. If the output
value overcomes the threshold, the observation is classified as intentional.

Once the seaitivity and specificity levels, for each classifier the ROC (Receiver
Operating Characteristics) cus/é/ercellis, 2006are obtained. The ROC curve

is a graphical plot that illustrates the performance of a binary classifier system as
its discrimination threshold is varied@he curve is created by plotting the true
positive rate ("YRagainst the false positive rafp "Y1 at various threshold
settings(Figure 2.3%.

. e
A
0.8
B
0.6
2
g
i
5
2] o C
0.2 Figure2.35ROC curves. The cur
ACO represents
ABO is thel gesi
0.0 T T T T . .
0.0 0.2 0.4 0.6 0.8 1.0 | the ideal classifier, represented
1-Specificity the point A(O, 1).
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3 Resul t s

In this chapter the experimentalesultsare presented. Separate discusseme
carri ed outf ofloro wifort gher diaorimdd ih n Epoeadtsat sfe s
tasks threeclassificationmodelshave beempplied and discussed:

1. Hidden Markov Model;

2. Neural network based on statistical featy(&NN);

3. Neurd network based on spectral featu(8pNNY),

For each classification model, we show:

1. The time evolubn of the ROC curvedo assess how the performamde
the classifier evolveover time;

2. A hypothetical surgical application in which some specificity levels are
set, and the corresponding sensitivity profiles over time are obtained. As
discussed in secn 2.4, for safety reasoriswould be preferable to deploy
a classifier charactered by high specificity leveld-or this reason, we
havedecided to evaluateaeh modefor five specificity levels: 80, 90, 95,
97.5 and 99%. The sensitivity profiles otene are subsequently plotted
and evaluated in terms of minimum tirmeerval required to exceed a
sensitivity threshold of 90% and therresponding penetration depth
valug that indicates how deeply the tool tip has been pushed into the

constraint.

31Patflol | owi ng t ask

A total of 120fpathfollowingotasks were executed by 12 subjeatdzigure 3.1

is shown an exaple of the taskexecution.The red dottedine represents the
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Figure3.1 Example of "patkollowing" task execution. The blue line represents the path tt
subject is asked to follow. Ttuotted red line represents the actual trajectory followed by t

of the haptic device.

Cartesiantrajectory described by the tool tifm correspondence to the ciraul
obstaclesthe subject voluntarily acts against the constraint, thus departing from
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Figure3.2 Modulus of the interaction force.
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thepath(blue line) In Figure 3.4s shown thdime profile of the interaction force
corresponihg to the task shown ifigure 3.1. In Figure 3.3are displayed the
Cartesiancomponents of the force signah both plots, five force peaksare

clearly dstinguishable: these peaks repregbhatintentional violatiosdue to the

will to circumvent theobstacls.

T T T T

0.2F 1
Z 0 [ i
O]
2
@)
L

-0.2r 1

04F X component 1

Y component
0 10 20 30 40 50

Time [s]

Figure3.3 Cartesian omponents of the interaction force.

For eachsutsetof 120t a s k s, efi d Ihlea wifinpgadtablinrg 0/ t avreg e t
defined twocompoundparameters describinpe average performance across
subjects, both in terms of penetration depthtané:
- Theaverage penetration peak 0 DIt indicates theaverage maximum
penetration depth of the tool tip into the constraint
- The average time peald "YDIt indicatesthe averagetime required to
reachthe maximum penetration depthd D
For fipatlowi B9gO p& ¢ & kvkiled YO pi (Table 3.1) It
means that each subject, on average, pushes into the constraipenptration

deepness @& ¢ G. Theaverage time required to reach thenetratiodevel is

PRI .
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Path-following task

Average Penetration Pea¥} |} P& @ d
Average Time Peakd| | pei

Table3.1 Average penetration peak and average time peak, for-fpikdlving” tasks.

The average penetratiopeak and the averagetime peak represent a
disaiminatory point between two distinct phases of the violation: the rising and
descending phases of the force sigitagure 3.2) In the firstphase, the user

actively pushes against the constraint to circumvent an obstacle. During the

second phase, afténe penetration peak has been overcome, the user passively

goes back to the path under the action of the feedback force. A good classifier

should be able to detect intentional violations during the rising phase of the force

signal, such that the assistarevel is adjusted according to the current will of

the userHigh sensitivity levelgprovidedduring the descending phase might not

be useful, as the assistance leggbir ovi ded too | ate with re

currentaction.

3. JHMMbased cl assifier

The HMM-basel classifieryields a classification output every 35nkor each
segment, the model outputs two likelihood functiéfas and%. , related to

the probability that theurrentobservation belongs either to the intentieHMM

or unintentionaHHM. In Figureis shown a comparison between the likelihood
functions both is case of intentional and unintergtiorviolatiors. For
unintentional violations, there is not a significant distinction between the
likelihood function®se and%. :this is due to the fact thdte distribution of

the force signal can either be interpreted as an uniatehtviolation or the tail

of an intentional violationOn the other hand,of intentional violations, the
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Figure 3.4 Likelihood functions both in cases of intentional and unintentional violationthe
case of intentional violations, the likelihood of the unintentional HM&tl (ine) decrease af

the violation has started, reaching its minimum after 0.5s.

difference in the likelihood functi@reaches significant values after 500ms: after
this time the likelihood of the unintentional model decregsesaching a
minimum point as the force signal reaches its maximum point. Conversely, the
likelihood function of the intentional model is high, meaning that the violation
has been correctly detectethe performancef the HMM-based classifiers
visualized by means of the ROC curv&sownin Figure 3.6

The Receiver Operating Characteristics (ROC) cuewdlve overtime: in the
interval p Ttha Tt mérd, the areaunder thecurves increases, yielding better
classification performanceduring thefirst time instans of the violation, the

p Tati-ROC (red curve)is near the bisectorindicating poor classification
results However, a the time intervaihcreasesthe ROC curve tendto the ideal

classifiet represented by the poitip 8
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Figure 3.6 Evolution of the ROC curves over time.
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Figure3.5 Sensitivity profiles over time, given five specificity levels.

In Figure 3.5areshownfive sensitivity profilesover time corresponding tdive
specificity leves: 80%, 90%, 95%, 97.5% and 99%. In genaalincrease ithe
required spaficity level corresponds to a shift in time of the coupsesitivity
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profile: the minimum interval timaecessarto overcome a sensitivity levétn
w Tt videns meaning that the classifier has slower detection ti@esversely,
a decrease in the specificity levdbwn to"YrR y 1t Byields a fastemodel
which is able to detect 90% of intentional violations witlgnu &ti after the
interactionhas started.

In Table 3.2hetime-sensitivity valuegorrespondingo Figure 3.5aredisplayed

SPECIFICITY TIEE [SL VIOLATION [mm]
80% 0.284 0.48
90% 0.604 0.94
95% 0.747 1.01
97,5% 0.854 1.18
99% 0.924 1.23

Table3.2 Time and penetration depth values associated withrdift specificity levels.

It is clear how, requiring higher performances in terms of specificity, has a delay
effect on the corresponding sensitivity profiles. However, the Hiéded
classifier is characterized by sensitivity levels exceeding 90% wihiafter the
violation has started, for all the five specificity level Séte time information is
associated with of amount of penetratd@pthinto the constraintBy comparing
thevaluesin Table 3.2witht he fHaver age penetriméi on
peako fvomlTabke 8.1 it is clear how, in alffive casesthe required
sensitivity level is reached before either the average penetration peak or average
time peak are overcome. This means that the Hbéiged classifier is able to
detect intentinal violations during the rising profile of the force, while the subject

is actively pushinggainst the constraint to circumvent the obstacle.
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31.2NNbased cl assifier

3.1.2.1Statistical Classifier- StINN model

The StNN model, is a Neural Netwothasel classifier trained ornhe basis of
severstatistical feaires extracted from the force segme(gection2.3.2.2.) of

the interaction forcdn Figure 3.7are shownwo exampls of the outpufprofile

of theneuralnetwork,both in case of unintentional and intentional violasidn

the first casdFigure 3.7 left panel¥, the output of the networksymptotically
tends to p: hence, the unintentional violationdsrrectly dete@d In the second
case(Figure 3.7 right panely the network outputshows a sigmoidal profile
ranging from p to p. This means that, during the firstilliseconds of
interaction, the network isah able to distinguish the intention. However, as the

violation goes on, the output level increases, reaching +1 within 1s after the
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Figure3.7 Example of the neural network output, both in case of intentional and uninte
violations.

119



Sensitivity (%)

violation has started:he performanceof the StNN models visualizedin Figure
3.8 TheROC curves show similartime profile with respecto the HMM-based

classifier. As theviolationtime widens, the area under the ROC caimereases,

100 -
80 |
60 -
40 -

20 Time = 100ms

Time = 1000ms
0 Ad 1 1 1 ]
0 20 40 60 80 100
1 - Specificity (%)

Figure3.8 Time evolution of the ROC curves for the StNN mode

yielding better classification resultsinlike for HMM model, he 100msROC
curveis significantlydistinguishable from the bisectaneaning that th&tNN
classifierprovidesa good classificationperformancewithin the firstp marti of
interaction.

Figure 39 showsthe five sensitivity profiles over timecomputedfor five
specificity levels of 80, 90, 95, 97.&nd 9%6. Each curve isharacterized ba
sigmoidal profilewith arising slope that depesdn the specificity level sekor
specificity levels up to 97.5%, the sensitivity index exceeds 90% value within
w TtaTi after the intentional violation has started. On the contranyeeificity of

99% decreases the slope of the sensitivity that exceeds the threshpi@iafter
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Figure3.9 Sendivity profiles over time for the StNN classifier.

In Table 3.3are displayedhe timesensitivity pairs associated with the curves
displayedn Figure 3.9 Similarly to the HMMbased classifier, the sensitiv

profiles exceed 90% before either the average penetration peak or average time
peak areovercome Table 3.3) meaning tht the classifier detects intentional
events during the rising phase of the force, when the user is pushing to go past the

obstacle.
SPECIFICITY _IrﬁE [SL VIOLATION [mm]
80% 0.172 0.31
90% 0.346 0.57
95% 0.599 0.93
97,5% 0.893 1.21
99% 1.197 1.27

Table3.3 Time and penetration depth values associated with different igjtgdivels.
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3.1.2.2Spectral Classifieri SpNN

The SpNN model was trained on the basis of the energy distributiossacro
different frequency bands afachforce segmentsdecomposed througthe
DiscreteWavelet transformalgorithm The time performances ofdltlassifier are
displayedin Figure 3.10 The ROC curves of thenodel have a similar time
evolution with respect to botlthe HMM-based and StNN methods: the
classification performance impravas the violation time increases. Howe\sy,
analyzing theo mami-ROC curvered curve)it is possible to note that, by setting
a high specitity level (Y] @ v R we obtainpoor performancem terms 6
sensitivity level (below 20%)This means that, during the first milliseconds of
violation, the models able b detect less than 20% of intentional interactions.
This behavior characterizes all the ROC curvkthe time interval considered,
up topi (yellow curve), meaning that the classifier has a stricter toéfda high

specificity values On the contraryJow specificity levels TYn v t Jp yield
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60 ‘.o" T
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/] Time = 1000ms

0 / ] |

60
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Figure3.10 Evolution of the ROC curves for SpNN classifier.
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corresponding sensitivity indexes exceeding 96@toss althe time span taken

into accountTphp i 8

1-

0.8F
E‘o.a -
[ Sp = 80,0%
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J Sp = 99,0%
% o0s 35 4
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Figure3.11 Sensitivity profiles over time for the SpNN model.

In Figure 3.11are plotted the time profiles of the sensitivitgex In Table 3.4
therelative timepenetréion values ardéisted

By comparing the performances of t8eNN model both with respect to the
HMM and StNN models, we notice that the spectral class#ieharacterized by
worse classificatiorperformancesAs displayedin Table 3.4 for specificity
levels™Yn 95, 97.5 and 99%he minimum time required to reach a sensitivity
level exceedingY'Q w 1t Bs higher than theverage time peak valué, Y0

p p w1t (values flagged with *)This means that the model detects intentional
violationsduring the descwling phase of the force signal, after the violation peak
has occurrednd the user is almost past the obstddearticular,by setting a
specificity level"Yn w w Pthe correspondingsensitivity never exceed 11 p

asymptotically tending toY'Q @ @ b, dter atime of0  o®i .
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TIME [s]

SPECIFICITY ] 5 VIOLATION [mm]
80% 0.582 0.91
90% 0.895 1.21
95% 1.420* 1.194*
97,5% 2.049* 0.73*
*
99% "Y'gISLﬁC;) 5 0.11*

Table3.4 Time-penetration vales corresponding to sensitivity level of 90¥he values marked

with *, correspond to specificity levels that have not met the requirements.

32Reaching task

12 subjects executed 1Bargetreaching tasks As in the previous sectiah 1,
we define two compand parameters that describe the average behavior of the
subjects, in terms of maximum average penetration peakand average time

peakd 'YO For-rietaazthgetgo t asksnTadelB& val ue are

Target-reaching task

Average Penetration Peak || |} T G O

Average Time Peak | | 81 o

Table3.5 Average penetration peak and average penetration time for “tesydting tasks.
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In Figure3.12is shownan example othe execution of the task. The dashed red
line represents the position of the tool tip of the manipulator, while the green
markers represent the equally distributed target points that each user is meant to

reach
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30 -20 -10 0 10 20 30
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Figure3.12 Execution of a targeteaching task. The dottedd line represents the path of
tool tip ofthe haptic device, while the green points represent the targets that the user

to reach.
In Figure 3.13is plotted the corresponding magnitude of the interaction force

while the user performs the reaching movements to position the tool tip onto each

green pint.
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Figure3.13 Modulus of the interaction force for the reachingk

321 HMM-based cl assifier

The HMM-basedtlassifieryields a classification outpetery 35ms. An example

of the two likelihood function%. and%. , is shownn Figure 3.15bothin

the case of intentional and unintentional violati®imilarly to the patfollowing

case the HMM model outputdwo very similar likelihood functioa when
analyzing unintentional segments (left panels)This is due to the fact that
observation vectors extracted from unintentional segments might be mifsédie

as the tails of intentional segments, yielding a very poor distinction of likelihood
functions associated to the HMM modé&lsanversely, a significant distinction of
the likelihoodlevelsis detectedn the case of intentional violatiofrjght parels)

after a timed v 7ami. The distinction become clearer as the modulus of the
interaction force reaches a minimum level that of magnitude, which allows for the

correct detection of the event.
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Figure3.15 Likelihood functions read off from the model, both for intentib(right panels) ar

unintentional (left panels) violations.

Figure3.14 Time evolution of the ROC curve associated to the HMM classifier.
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