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Abstract

This thesis describes a novel image-guidedsystem for preciseautomatic targeting
in minimally invasive keyhole neurosurgery. The system consistsof a preoperative
planning module, the MARS miniature robot �tted with a mechanical guide for nee-
dle/probe insertion and an intraoperative three-way registration and robot execution
module. Pre-operatively, the surgeonde�ne the entry and target points. The soft-
ware module computethe optional robot positionson the skull or on the headclamp.
The surgeonselectthe �nal position of the robot accordingto clinical issues.Intra-
operatively, the robot is directly a�xed to a headclamp or to the patient skull with
a video basedguidancemodule. It automatically positions itself with respect to pre-
de�ned targets in a preoperative CT/MRI imagefollowing an automatic anatomical
registration with an intra-operative 3D surfacescanof the patient facial featuresand
registration jig.
This thesispresents the preoperativeplanning and the intraoperativeregistration soft-
ware modules, the registration jig designand the in-vitro registration experiments.
We manufactured a prototype implementation of the entire systemand two in-vitro
registration experiments performed. Theseexperiments yield a system-widetarget
registration error of 1.5mm (std=1.68mm).



Con ten ts

1 In tro duction 1

1.1 Clinical background . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Support systems . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.3 Goals. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

1.4 Proposedsystem . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

1.5 Novelty . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

1.6 Thesisorganization . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

2 Previous work 15

2.1 Surgical robots . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.2 The MARS robot . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

2.3 Intraoperative data acquisition . . . . . . . . . . . . . . . . . . . . . . 17

2.4 The VTK software library . . . . . . . . . . . . . . . . . . . . . . . . 18

3 Metho d 20

3.1 Problem statement . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

3.2 Preoperative planning . . . . . . . . . . . . . . . . . . . . . . . . . . 21

3.3 Three way registration algorithm . . . . . . . . . . . . . . . . . . . . 24

3.4 Computation of the intraoperative robot con�guration . . . . . . . . 29

4 Exp erimen tal results 30

4.1 Materials . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

4.2 Validation methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

4.2.1 Validation methods in CAS . . . . . . . . . . . . . . . . . . . 32

4.2.2 Experiments design . . . . . . . . . . . . . . . . . . . . . . . . 36

4.3 Experimental results . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

4.3.1 Needletra jectory . . . . . . . . . . . . . . . . . . . . . . . . . 39

i



5 Conclusions 43

5.1 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

5.2 Future work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

App endix A 45

A Mathematical background 45

A.1 Three dimensionalrigid transformations . . . . . . . . . . . . . . . . 45

A.1.1 Fixed axis rotations . . . . . . . . . . . . . . . . . . . . . . . . 45

A.1.2 Rotation axis: the Rodriguez formula . . . . . . . . . . . . . . 46

A.2 Di�eren tial geometryoperators . . . . . . . . . . . . . . . . . . . . . 46

ii



List of Figures

1.1 Stereotatic frame: the frame is attached to the patient skull with sev-
eral screws. It provides accuratepositioning and mechanical support
to the surgeon. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

1.2 Navigation system. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

1.3 Neurosurgeryrobotic systems. . . . . . . . . . . . . . . . . . . . . . . 7

1.4 Interventional imaging systemin the operating room which has been
redesignedfor it. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

1.5 Systemconcept: the MARS robot mounted on the skull. . . . . . . . 12

3.1 Systemtransformationschain. the transformationschain usedto align
the preoperativeplanning to the intraoperativescene.The transforma-
tion betweenthe MRI model and the surfacescanis computed using
anatomical landmarks such as the eyesor the earsand the head sur-
face. The transformation between the surfacescan and the robot is
computedusing a custom designedregistration jig. . . . . . . . . . . 21

3.2 Preoperative planning module screens. . . . . . . . . . . . . . . . . . 22

3.3 Preoperative robot location computation. . . . . . . . . . . . . . . . . 23

3.4 Eyesdetection results. . . . . . . . . . . . . . . . . . . . . . . . . . . 27

3.5 Registration jig: the intersectionpoints usedas landmarks. . . . . . . 28

4.1 In-vitro experimental setup. . . . . . . . . . . . . . . . . . . . . . . . 31

4.2 Two views of the phantom model createdfrom MRI data, augmented
with registration �ducials and target �ducials inside the skull. The
detail shows the geometryof the �ducial. . . . . . . . . . . . . . . . . 32

iii



4.3 Registration chains for the �rst in-vitro experiment. Each box cor-
responds to an independent coordinate system. The location of the
registration jig markers with respect to the robot baseorigin is com-
puted oncevia the surfacescanner(phantom/scanner and registration
jig/scanner transformations, denoted by a solid line) using the face
and registration facesurfaces,and oncevia the optical tracker (phan-
tom tracker and registration jig/trac ker transformations, denoted by
a dashed line) using the registration jig and the face �ducials. By
construction, the phantom and the MRI are in the samecoordinate
system.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

4.4 The �rst experiment. . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

4.5 The transformations chains comparedin experiment 2. The transfor-
mation from the registration jig to the targets added to the chain of
experiment 1 (Fig. 4.3). . . . . . . . . . . . . . . . . . . . . . . . . . 40

4.6 The secondexperiment. . . . . . . . . . . . . . . . . . . . . . . . . . 41

iv



List of Tables

1.1 Surgical protocol of minimally invasive keyholeneurosurgeries.. . . . 3

1.2 Characteristics of support techniques for minimally invasive keyhole
neurosurgeryaccordingto the stepsin Table 1.1 (steps1(b) and 2(a)
are commonto all; '+'/'{' indicate a relative advantage/disadvantage. 9

1.3 Characteristics of support techniques for minimally invasive keyhole
neurosurgery('+++' indicates the most advantageous,'+ the least):
1) clinical accuracy, 2) rangeof applicability, 3) easeof usein the OR,
4) intraoperative adaptability of preoperative plan, 5) bulk (size and
weight), 6) patient morbidity, and 7) cost. . . . . . . . . . . . . . . . 10

4.1 In-vitro registration results (in mm) of �v e experiments. The second
and third columnsarethe surfacescannerphantom and robot basesur-
faceregistration errors. The fourth and �fths columnsare the �ducial
tracker phantom and registration jig registration errors (both F RE {
Fiducial Registration Error { and TRE { Target Registration Error for
a target at about 150mmfrom the mounting base.The last column is
the error betweenthe target scannerand tracker �ducial locations. . . 39

4.2 In-vitro registration results(in mm) of four trial experiments. The �rst
column is the run number. The secondcolumn is the surfacescanner
registration error with respect to the phantom. The third column is
the target nameinside the brain. The fourth, �fth, and sixth columns
are needleerrors at the entry point, target, and the tra jectory angular
error. The last row is the averageand standard deviation over all 22
trials and targets. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

v



Chapter 1

In tro duction

Precise targeting of tumors, lesions and anatomical structures with a probe or a
needleinside the brain basedon preoperative CT/MRI imagesis the standard of care
in many keyholeneurosurgicalprocedures.In all cases,misplacement of the surgical
tool may result in hemorrhageand severeneurologicalcomplications. Therefore,the
help of support systemsthat enhancethe accuracy and steadinessof the surgical
gesturesis required. Also, as in every minimally invasive procedure, the surgeon
cannot seethe �eld of the procedures.Soa real time imaging systemis needed.
This thesis presents a prototype of a systemto support minimally invasive keyhole
neurosurgery. Section 1.1 describes the clinical proceduresrequires such a system.
Section 1.2 presents current solutions to achieve precisetargeting in neurosurgery.
Section 1.3 de�nes the requirements from an optimal system. Section 1.4 presents
the proposed system. Section 1.5 highlights the novel aspects of our system and
�nally , Section1.6 describesthe organization of this thesis.

1.1 Clinical background

Many proceduresin neurosurgeryrequirepreciseinsertion of a needleor probedirectly
to a prede�ned target in the brain. The proceduresinclude:

1. Brain needle biopsy
Brain biopsy is the gold standard for accurately determining tumor pathology.
It consistsof harvesting with a hollow needlea tissuesamplefrom a prede�ned
target site within the brain so it can be analyzed in the pathologist labora-
tory. Biopsiesare usually done by making a small opening (3 � 14mm burr
hole) in the skull and carefully introducing a biopsy needle.Sincethey require
positional accuracyand steadiness,thesesurgeriesare often performedwith a
stereotactic frame, with framelessstereotactic navigation under preoperative
imageguidance,or with intraoperative ultrasound guidance.

2. Hydro cephalia treatmen t
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Treatment of congenital or acquired hydrocephalusis indicated for alleviating
the abnormal accumulation of cerebrospinal
uid (CSF) within the brain ven-
tricles. It consistsof diverting the 
o w of CSF away from the ventricles with
a shunt inserted into them. A valve in the shunt maintains the CSF at normal
pressureand volumewithin the ventricles. Stereotacticguidancefor accurately
placing the catheter is recommendedover the free-hand approach, especially
for patients with small and/or abnormal shape or position of the ventricular
system.

3. Deep brain hematoma evacuation
Evacuation of intraprenchymal hematoma is a surgery used to reducethe in-
tracranial pressurecausedby an expanding hemorrhageresulting from head
injury stroke, or bleeding into tumor. The goal of surgery is to decreasemor-
bidit y and mortalit y and to relief neurologicalsymptoms. It consistsof placing
an aspiration needlein the hematomaand aspiring the blood out. Needleas-
piration of parenchymal hematoma is indicated when a surgical approach via
craniotomy is inappropriate dueto the high risk of damagingadjacent structures
such as basal ganglia, and other deepbrain structures. Improving the place-
ment precisionof the aspiration needlewill greatly improve the e�ectiv enessof
this procedure.

4. Omma ya surgery
Ommaya catheter insertion surgery is indicated for on-site repeateddelivery of
drugs (e.g, chemotherapy, antibiotics) to the ventricular systemand relatively
easyrepeatedCSF sampling out of them. Ommaya catheter insertion surgery
is alsoperformedto evacuatecystic lesionsin the brain when surgical excision
is not amendable. It consistsof inserting a silicon catheter into the ventricles
or cystic cavit y. The catheter is connectedto a small silicon reservoir (the Om-
maya reservoir) implanted under the scalp. The reservoir can then be easily
approached with needlepuncture through the scalp. The ventricular catheter
is to be placed in the frontal horn of the lateral ventricle. When the ventri-
clesare slightly enlargedand in normal shape and position, this is a relatively
straightforward task for a skilled surgeon. However, when the ventricles are
small or misplaceddue to masse�ect, several passesmight be necessaryto suc-
cessfullycomplete the catheter insertion, thus increasingthe risk of bleeding
and surgery-relatedcomplications rate. Ommaya surgery is often performed
free-handor with image-guidedstereotacticnavigation.

5. Deep brain stim ulation
DeepBrain Stimulation (DBS) is a recently introducedprocedurefor e�ectiv ely
treating certain typesof parkinsonism,primary tremor, dystonia, hemibalismus,
and thalamic pain. It consistsof implanting through one or more small skull
openings, electrodes into speci�c targets of the brain and providing electric
stimuli to theselocations. DBS surgeryrequires�nding the speci�c areain the
brain for stimulation, for which precisetargeting and mechanical guidanceand
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1. Preop erativ ely

(a) Pre-imagingpreparation: implant skull screwsand/or attach skin
markers

(b) Image acquisition: acquirea CT/MRI image

(c) Planning: elaborate the preoperative plan: identify targets and
entry points

2. In traop erativ ely

(a) Preparation: set up the support systemand make entry point incision

(b) Localization: locate needle/probe at entry point and adjust orientation

(c) Guidance: provide mechanical guidancefor needle/probe insertion

(d) Insertion: insert needleto planneddepth at proper speed/force

(e) Repeat steps(a)-(d) as necessary

Table 1.1: Surgical protocol of minimally invasive keyholeneurosurgeries.

microelectrode recordingareessential. It is performedwith a stereotacticframe
�tted with an automatic linear micro-drive for advancing the probe. Adjusting
the drive's angle and entry point for exploration is done manually and is thus
error-proneand time-consuming.

6. Minimal access craniotom y
Minimal accesscraniotomy is performedto resectsdeepbrain tumors, vascular
malformations, and brain abscesses.It consists of opening a small circular
hole (20-30 mm radius craniotomy) on the skull and introducing a surgical
instrument for reaching the areaof interest. In many cases,a stereotacticframe
or framelessnavigation is used to provide precisepositioning with respect to
the lesion.

All theseprocedureshave four important commonproperties:

� they areminimally invasivesurgeries(MIS), performedvia a keyholeof 3� 30mm
diameter openedon the skull dura

� they require precisetargeting and mechanical guidancesupport

� the targets and entry points are determinedpreoperatively in a CT/MRI image

� it is assumedthat little or no brain shift occursdue to the MIS approach

They all follow a similar protocol, shown in Table 1.1 which we will useto compare
existing solutions and present ours. We describe the stepsof this protocol in detail
next.
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1. Pre-imaging

Patient preparationbeforeimagingis necessaryin several techniquesto align the
preoperative imageswith the situation in the operating room. In the stereotac-
tic frame technique, four screwsare a�xed to the skull. Becausethose screws
are �xed during the preoperative and intraoperative stages,they form a ref-
erenceframe and achieve alignment. A special frame, which is attached to
the screwsduring the preoperative imaging, enablesthe alignment betweenthe
preoperative imagesand the intraoperative situation. In the navigation system
technique, skin markers are attached to the patient's head before imaging. In
the operating room, the alignment with the preoperative imagesachieved by
contact basedregistration on the markers and anatomical landmarks. Because
at least four landmarks required for contact basedregistration, there shouldbe
at least four skin markersand anatomical landmarks.

2. Preop erativ e

The preoperative stageconsistsof acquiring the patient images,planning the
surgeryand calculating relevant information beforethe surgery. After acquiring
patient imagesfrom CT or MRI scanner,the surgeonplansthe surgerywith the
assistanceof the computer. Usually, target points and somepossibletra jectories
are selectedon the preoperative images. When stereotactic frame is used,the
registration information is extracted from images.Then, additional operations,
such aslandmarksextraction for contact basedregistration or stereotacticframe
parameterscomputation are performedto save operating time.

3. In traop erativ e

The intraoperative stageconsistsof:

(a) Preparing the patient and the operating room for a keyholeneurosurgery
Stereotactic surgery require preparations such as sterilization, head �x-
ation and frame adjustment. Navigation or robotic proceduresrequire
tracker localization or robot placement, respectively.

(b) Locating the correct entry point and trajectory
Once the stereotactic frame has been adjusted according to the preop-
erative imagesand plan, it is attached to the skull's screwsand target
accurately to the prede�ned target and in the right tra jectory.
Other techniques require performing intraoperative registration with the
preoperative data. Navigation systems,for example, require performing
contact-based registration in the operating room. In this protocol, the
surgeonmanually aligns betweenmarkers and anatomical landmarks de-
�ned on the preoperative imagesand their locations as obtained from the
tracking systemin the operating room.

(c) Mechanical guidance Stereotactic frames or robotic system provide me-
chanical guidanceto the surgeon.Navigation systemsdo not provide me-
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chanicalguidance.However such systemsprovide real-time feedback about
the needletra jectory to the surgeon.

(d) Inserting the needle or probe
Needle insertion support instrument is necessaryfor operations that re-
quire high accuracy, precisesmall movements, needle�xation and depth
control. For deepbrain stimulation (DBS), for example,the surgeonlooks
for a suitable location for electrode implantation with the help of a special
a special needlethat measureselectrical activities. When the appropriate
location is reached the needleis replacedby an electrode implanted. The
movements of the measuringneedleare small and delicate, so the needle
replacement requiresaccuraterepetitiv eabilities and the electrode implan-
tation requiresneedle�xation. It is very di�cult to perform theseproce-
dures freehand,even if the operator is experienced. Mechanical guidance
instruments, such as the EasyTaxisT M , support shift avoidance,needle
�xation and depth control. Smarter mechatronic tools alsoenableprecise
small movements, depth control and force feedback.

Repeat stages(a) to (d) as necessary, either to treat other areasor becauseof com-
plications.

1.2 Supp ort systems

Four typesof support systemsfor minimally invasive keyholeneurosurgeryare cur-
rently available. They are:

1. Stereotacticframes

2. Navigation systems

3. Robotic systems

4. Interventional imaging

The following sectionbrie
y review thesetypes.

1. Stereotactic frames
Stereotactic frames (e.g., Leskell, Radionics. Fig. 1.1) provide precisepositioning
with a manually adjustable frame rigidly attached to the patient skull. Prior to
image acquisition, four frame position screwsare implanted in the patient's skull.
An imaging coordinates box is mounted on the frame and the patient is scanned
with it. The surgeonidenti�es the brain targets and entry points on the images
and computesthe corresponding stereotacticframecoordinates. Intraoperatively, the
stereotacticframeis adjustedaccordingto the computedcoordinatesand mounted on
the immobilized patient skull at the implanted screws.Keyhole surgery of the skull
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Figure 1.1: Stereotatic frame: the frame is attached to the patient skull with several
screws.It provides accuratepositioning and mechanical support to the surgeon.

opening is then done. Optionally, a linear drive needleinsertion guide is mounted
on the frame to automate needleinsertion and retraction. The advantages of the
stereotactic framesare: 1) introduced in the 70's, they are the current standard of
care and are extensively used and clinically tested; 2) they are relatively accurate
(� 2mm of the target) and provide rigid support and guidancefor needleinsertion,
and; 3) they are relatively inexpensive (USD 50K) as comparedto other systems.
Their disadvantagesare: 1) they require the preoperative implantation of the head
screwsunder local anesthesia;2) they causediscomfort to the patient before and
during surgery;3) they arebulky, cumbersome,and requiremanual adjustment during
surgery;5) they require patient headimmobilization during surgery;6) selectingnew
target points during surgeryrequiresnewmanual computationsfor framecoordinates,
and; 7) they do not provide real-time feedback and validation of the needleposition.

2. Navigation systems
Navigation systems(e.g.,Medtronic, USA and BrainLab, Germany. Fig. 1.2) show in
real time the location of hand-heldtoolson the preoperative imageonto which targets
have beende�ned [13, 7, 10]. The registration betweenthe preoperative data and the
patient is performedvia skin markersa�xed to the patient's skull beforescanning,or
by acquiring points on the patient's facewith a laserprobe or by direct contact. Aug-
mented with a manually positioned tracked passive arm (e.g., Phillips EasyTaxisT M

or Image-GuidedNeurologicsNavigusT M [21]), they also provide mechanical guid-
ancefor targeting. Sincenearly all navigation systemsuseoptical tracking, careful
camera positioning and maintenance of a direct line of sight between the camera
and tracked instruments is required at all times. The main advantagesof navigation
systemsare: 1) they provide continuous, real-time surgical tool location information
with respect to the de�ned target; 2) they allow the selectionof new target points
during surgery, and; 3) introducedin the 90's, they are quickly gaining wide clinical
acceptance.Their disadvantagesare: 1) their cost (� USD 200K); 2) they require
headimmobilization; 3) they require the maintenanceof line of sight; 4) they require
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Figure 1.2: Navigation system.

(a) The Neuromate (b) The PathFinder

Figure 1.3: Neurosurgeryrobotic systems.

manual passive arm positioning, which can be time-consumingand error-prone,and;
5) they require intra-operative registration, whoseaccuracydependson the positional
stabilit y of the skin.

3. Rob otic systems
Robotic systemsprovide framelessstereotaxywith a robotic arm that automatically
positions itself with respect to a target de�ned in the preoperative image [8, 14, 9,
11, 28]. They have the potential to addressintraoperative localization, guidance,and
insertion (steps2b, 2c, 2d in Table 1) with a singlesystem. The registration between
the preoperative image and the intraoperative situation is done by direct contact
or with video images. Two 
o or-standing commercialrobots include NeuroMateT M

(Integrated Surgical Systems,USA - now defunct. Fig. 1.3a) and PathFinderT M

(Armstrong HealthCare, UK. Fig. 1.3b). Their advantages are: 1) they provide a
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Figure 1.4: Interventional imaging system in the operating room which has been
redesignedfor it.

framelessintegrated solution; 2) they allow for intraoperative plan adjustment, and;
3) they are rigid and accurate. Their disadvantages are: 1) they are bulky and
cumbersomedue to their size and weight, and thus posea potential safety risk; 2)
they require headimmobilization or real-time tracking, 3) they are costly (USD 300-
500K), and 4) there are not commonly used, with only a dozen systemscurrently
deployed.

4. In terv entional imaging
Interventional imaging systems(Fig. 1.4) produce imagesshowing the actual nee-
dle/probe position with respect to the brain anatomy and target [16, 12]. A few ex-
perimental systemsalso incorporate real-time tracking (Stereotaxis,Inc) and robotic
positioning devices. The main advantage is that thesesystemsprovide a real-time,
up-to-date imagesthat account for brain shift (a secondaryissuein the procedures
we are considering),and needlebending. Their main drawbacks are: 1) limited avail-
abilit y; 2) cumbersomeand time-consumingintraoperative imageacquisition; 3) high
nominal and operational costs, and 4) for intraoperative MRI, complete expensive
room shielding is required.

Table 1.2 summarizesthe characteristics of the support techniques for minimally
invasive keyholeneurosurgeryaccordingto the stepsin Table 1.1.

In order to evaluate and comparethesefour typesof systems,we considerthe follow-
ing parameters:

� System accuracy
Measuresthe di�erence between the planned target and the real location of
the tip of the surgical gestures. In many cases,the angle betweenthe axis of

8



PREOPERA TIVEL Y INTRA OPERA TIVEL Y
Metho d Pre-imaging Planning Lo calization Guidance Insertion

1(a) 1(c) 2(b) 2(c) 2(d)
1. stereotactic yes yes manual manual manual

frame { + { { automatic
2. Navigation yes/no yes image guided manual manual

+/{ + + { automatic
3. Robotics no yes automatic automatic automatic

+ + + + +
4. Interventional no no image guided manual manual

imaging + { + { {

5. Proposed no yes automatic automatic manual
system + + + + automatic

Table 1.2: Characteristicsof support techniquesfor minimally invasive keyholeneu-
rosurgeryaccordingto the stepsin Table 1.1 (steps1(b) and 2(a) are commonto all;
'+'/'{' indicate a relative advantage/disadvantage.

planned tra jectory and that of the real tra jectory is alsoconsidered.

� Range of work
Measuresif a systemhas the abilit y to reach to any target de�ned inside the
brain. Limited rangeis a main drawback in such a system.

� Ease of use
Evaluatesthe ergonomicand easeof useof the systemin a clinical setup. This
includes: setup time and how the systemlimits the surgeonwork-space.

� Adaptabilit y
Measureshow the systemgive a simpleway to adapt the preoperative planning
accordingto the clinical scenein the operating room.

� Bulk
Measureshow is the system bulky and cumbersome,and if a redesignof the
operating room is required in order to useit.

� Morbidit y
Evaluateshow comfortableis the systemto the patient. It includes: invasiveness
and if it requirespre-imagingprocedures.

� Head �xation/ness
Evaluatesif usesuch a systemrequirespatient's head�xation or not.

� Cost
Measuresthe relative cost of the system.
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Metho d Accu- Range Ease Adapta- Bulk Morbi- Head Cost
racy of use bilit y dit y �xation

1. Stereotactic +++ + ++ + ++ + yes +++
frame

2. Navigation ++ ++ +++ ++ + ++ yes ++

3. Robotics ++ ++ + +++ + ++ yes +

4. Interventional + +++ + +++ + +++ no +
imaging

5. Proposed ++ ++ +++ +++ +++ +++ yes/no ++
system

Table 1.3: Characteristicsof support techniquesfor minimally invasive keyholeneu-
rosurgery('+++' indicatesthe most advantageous,'+ the least): 1) clinical accuracy,
2) range of applicability, 3) easeof use in the OR, 4) intraoperative adaptability of
preoperative plan, 5) bulk (sizeand weight), 6) patient morbidity, and 7) cost.

Although additional parameterscan also be taken into account exist, the above pa-
rametersare the main ones.

Table1.3summarizesthe advantagesand disadvantagesof the described systemsand
comparethe system proposedin this thesis to them. Existing support systemsdo
not provide a fully satisfactory solution for all minimally invasive keyholeneurosurg-
eries. Stereotactic framesentail patient morbidity, require head immobilization and
manual adjustment of the frame, and do not allow intraoperative plan changes.Nav-
igators are frame-lessbut require line-of-sight between the position sensorand the
tracked instruments and require time-consumingmanual positioning of a mechani-
cal guiding arm. Existing robotic systemscan perform limited automatic targeting
and mechanical guidancebut are cumbersome,expensive, di�cult to useand require
headimmobilization. Interventional imagingsystemsdo not incorporate preoperative
planning, have limited availabilit y and incur in high costs.

1.3 Goals

From the above tablesit canbeseenthat an optimal systemshouldhave the following
properties:

� MRI basedpreoperative planning

� Target error of 1mm and 1� accuracy

� Mechanical support to the surgeon

� No requirement of patient headimmobilization
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� Small,easyto usesystemthat doesnot requireany modi�cation to the operating
room or its equipment

� Marker-less,fully automatic registration betweenthe preoperativeplanning and
the intraoperative execution

� Real-time visual feedback of the three dimensional surgical gesture position
accordingto the preoperativeplanning visualization on the preoperative images.
No limitations on the surgeon,such as maintaining a line of sight betweenthe
surgical gestureand an intraoperative imagescanner

1.4 Prop osed system

Our systemconceptis to automatically position a mechanicalguideto support keyhole
drilling and insertion of a needleor probe basedon prede�ned entry point and target
locations in a preoperative CT/MRI image. It incorporates the miniature MARS
robot [6] mounted on the headimmobilization clamp or directly on the patient skull
via pins. Fig. 1.5 shows the in-vitro setup of the system.

Registration to establisha commonreferenceframebetweenthe preoperativeCT/MRI
image,the intraoperative patient headlocation, and the robot location is basedon in-
traoperative surfacescanning. It is accomplishedby acquiring an intraoperative three
dimensionalsurfacescanof the patient's upper facial features(eyesand forefront, or
ear) [31] and of a custom registration jig and matching them to their respective pre-
operative geometricmodels. Oncethis registration is performed, the transformation
that aligns the planned and actual robot targeting guide location is computedauto-
matically. The robot is then automatically positionedand locked in placeso that its
targeting guideaxis coincideswith the entry point/target axis. The systemhardware
consistsof:

1. MARS, a parallel 6 DOF bonemounted robot with targeting jig (Fig. 1.5a)

2. A registration jig (Fig. 1.5b) and a custom robot mounting base(Fig. 1.5c)

3. An o�-the-shelf 3D surfacescanner(Fig. 1.5aupper corner)

4. A standard PC

The systemsoftware modulesare:

1. Preoperative planning

2. Intraoperative execution

3. Surfacescanprocessing
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(a) MARS robot mounted on the skull

(b) registration jig

(c) robot mounting base

Figure 1.5: Systemconcept: the MARS robot mounted on the skull.

4. Three way registration.

This thesis focuseson the preoperative planning and intraoperative three-way regis-
tration modules. Other modulesare described in [30].

The surgical protocol of the new system is as follows. A preoperative marker-less
and frame-lessvolume CT/MRI image of the patient is acquired. Next, with the
preoperative planning module, the surgeonde�nes on the image the entry points
and target locations and determinesthe robot mounting type (head clamp or skull,
depending on clinical criteria) and the desiredrobot location.

Intraoperatively, under generalor local anesthesiaand following sterile draping of the
scalp, guided by a video-basedintraoperative module, the surgeonplacesthe robot
approximately in its plannedlocation. When the robot is mounted on the headframe,
the robot baseis attachedto an adjustablemechanical arm a�xed to the headclamp.
When mounted on the skull, two 4mm pins are screwed under local anesthesiaon the
skull and the robot mounting baseis attached to them. Next, the registration jig
is placedon the robot mounting baseand a surfacescanincluding both the patient
foreheador ear (frontal or lateral scan,depending on robot location) and the regis-
tration jig is acquired. The registration jig is then replacedby the robot with the
targeting guide on it and the registration module automatically computesthe o�set
betweenthe actual and the desiredtargeting guideorientation. It then positionsand
locks the robot sothat the actual targeting guideaxis coincideswith the plannednee-
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dle insertion tra jectory. The surgeoncan then manually insert the needle,probe or
catheter to the desireddepth and make MARS make small translational adjustments
(� 10mm) of the needlealong the insertion axis. On surgeondemand, the system
automatically positions the robot for each of the prede�ned tra jectories. The intra-
operative plan can be adjustedduring the surgeryby deleting and adding new target
points. The systemautomatically computesthe tra jectories and the corresponding
robot positions.

The registration processis performedusing anatomical landmarksand surfacebased
registration process.Therefore,there is no needfor markersattached to the patient.
The anatomical landmarksrecognitionprocessis automatic, with no needfor surgeon
interaction. The robot can be mounted on the patient skull, so once the reference
frame betweenthe robot and patient computed there is no needto track the patient
head.

1.5 Novelt y

The proposedsystemaims to overcomethe main drawbacks of the existing solutions.
The system provides accurate mechanical support such as the stereotactic frames
provides,without entail patient morbidity. The systemis very small and easyto use.
Therefore,the systemdoesnot require any modi�cation to the operating room or its
equipment. The registration processis fully automatic with no needof surgeoninter-
action. The preoperative module enablessimulation of the robot possiblepositions.
The surgeoncan select the best position preoperatively and reduce the operating
room time. A real-time feedback of the three dimensionalsurgical gestureposition
accordingto the preoperative planning, is visualizedon the preoperative images,with
no limitations on the surgeonor on the patient, such as maintaining a line of sight
betweenthe surgicalgestureand an intraoperativedata acquisitionmachine and head
�xation. While exist systemsprovide part of thesefeatures,there is no systemthat
combinesall of thesefeaturesto oneplatform. Two main novel aspectsare presented
in this thesis:

1. Preop erativ e planning
This softwaremodule computesoptional robot locationsaccordingto prede�ned
entry and target points on the MRI images.The surgeoncan examinevarious
locationsof the robot and choosethe optimal oneaccordingto clinical criteria.

2. Three-w ay registration
The three-way registration module computesthe registration between preop-
erative planning basedon MRI imagesand the intraoperative robot reference
frame using a surfacescanningwith no needfor surgeoninteraction.
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1.6 Thesis organization

The rest of this thesis is organized as follows. Chapter 2 is a survey of related
technologies. Chapter 3 describes the proposedsystembrie
y . Chapter 4 describes
the experiments that wereperformedfor the in-vitro validation of the system. Chapter
5 concludesthe thesisby suggestingfuture directions of work related to this system.
Appendix A presents the mathematical background related to the algorithms usedin
this thesis.
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Chapter 2

Previous work

This chapter presents the background of this thesis. It includesa description of the
technologiesusedin the proposedsystem,and previouswork related to the proposed
system. The Chapter is organizedasfollows. Section2.1 presents the �eld of medical
robotics. Section2.2 presents the technical details of the MARS robot. Section2.3
describes the intraoperative data acquisition technology. Section 2.4 describes the
software library that was usedfor the systemimplementation.

2.1 Surgical rob ots

Robot assistedsurgery is a �eld whoseaim is to provide surgeonswith tools that
enhanceand complement their free-handabilities during surgery. The goalsare to
improve the outcomeof surgicalprocedures,to reduceintraoperative time, to reduce
the invasivenessof a procedureand to enablenew proceduresaltogether. Sincetheir
inception in the early 1990s,a few dozensurgical robot prototypeshave beendevel-
oped, with the most prominent being the commercialsystemROBODOC (Integrated
SurgicalSystems)and morerecently the Da Vinci (Intuitiv eSurgical)and Zeus(Com-
puter Motion) systemsfor remotely manipulated minimally invasive procedures.For
recent surveys about medical robotics, see[25]. The main expected advantages of
surgical robots are:

� Higher accuracythan freehandsurgery

� Abilit y to work accordingto preplannedimage-basedprogram

� Reduction of the surgeon'shand tremor

� Abilit y to operate in remotely manipulated minimally invasive procedures

� Reduction of the surgeonand operating sta� radiation exposure

� Reduction of operating room sta� and time
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Despite their potential and of more than �fteen years of research, the impact of
surgical robots has beenvery limited. There are several issueswhich seemto be the
reasonsfor this:

� Contemporary medical robots are bulky. They occupy too much preciousoper-
ating room spaceand raisesafety issues.

� Commercialsurgicalrobot systemsare expensive (USD 300K to 1,000K). Their
useis thus limited to the few large research hospitals that can a�ord them.

� The patient anatomy needsto be immobilized by �xing it to the operating
room table or compensatedfor by tracking it in real time and adjusting the
�xed robot position accordingly.

Most of the exist medical robots are serial robots consistingof a singlechain of links
and joints connecting the tool to the robot base. Their advantages are: a large
work space,few parts, small working envelop and direct-forward kinematics solution
techniques. Their disadvantages are: Low strength-to-weight ration, low accuracy
due to de
ection. In order to achieve high accuracy with 6 DegreesOf Freedom
(DOF), many largeparts are used. Therefore,the robots are big and heavy and must
be mounted to a very big and steady basesuch as the 
o or or the ceiling of the
operating room.

2.2 The MARS rob ot

The MARS robot is a parallel robot. A parallel robot consistsof two basesconnecting
in parallel by legsmounted on joints. In a parallel architecture it is much easierto
achieve more degreesof freedom and better accuracy than the serial architecture,
while using just small parts. Therefore, the robot is small. Due to its size,parallel
robots do not require a big base. This model presents a new approach to robot-
assistedsurgeryin which a miniature robot is directly mounted on the patient's bony
structure near the surgical site instead of mounting to the 
o or or ceiling as serial
robots mounted.

The MARS is a miniature parallel structure with six DOFs that is directly mounted
on the patient anatomy, usually a bony structure near the surgicalsite. It consistsof
a �xed basethat attachesto the boneand a moving platform connectedin parallel by
six independent linear actuators. The robot dimensionsare5� 5� 8cm3, its weight is
250g, and its work volumeis contained in a spherewhoseradius is several centimeters,
which is su�cien t for variousof minimally invasive surgicalprocedures.Its positional
accuracyis better than 0:1mm, which is by far su�cien t for most clinical applications
and better than the accuracy of commercial tracking systems. The MARS robot
is designedto operate in a semi-active mode, that is, to position and orient the
targeting guide to a precisepreoperatively de�ned location and lock itself there, but
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not to actually perform the surgical operation itself. It provides a mechanical guide
for a surgical tool operated by the surgeon[6].

2.3 In traop erativ e data acquisition

This section describes two technologiesused to acquire three dimensional data in
the operating room. The �rst technology provides a three dimensional position of
a tracked probe. The secondtechnology provides three dimensional surface data
without contact with the scannedsurface.

1. Position data acquisition
Tracking methods provide real-time three dimensional position data of a tracked
probe. Several tracking methods exist, such asmagneticor ultrasonic tracking. How-
ever the state-of-the-art in neurosurgeryis the optical tracking method. For more
technical details about tracking systems,see[35] and [17].
An optical tracking systemconsistsof a pair of infrared camerasand several Light
Emitted Diodes(LEDS) placed on the tracked object. The three dimensionalposi-
tion data is computed with stereocomputations. The tracking systemis registered
to other referenceframe such aspreoperative data, usingLEDS or spheres,which are
visible both on the preoperative data and intraoperativly. The registration process
is performed by touching with a tracked probe on the prede�ned LEDS or spheres.
Using this technology requirescustom tools or placing LEDS on the tracked object.
The positional error of such systemsis about 0:3mm. Additional error can arisefrom
the registration process.We useoptical tracking systemas a gold standard and as a
measurement tool in the in-vitro experiments of the proposedsystem. Such a system
can be usedfor surfacescanning,with the tracked tool touching many points on the
scannedsurface.However, usingsuch a systemfor surfacescanningis time consuming
and lessaccuratethan non contact basedsurfacescanners.

2. Surface data acquisition
As explainedin the introduction, we usea three dimensionalnon contact based,sur-
facescannerasthe intra operativedata acquisitionmodality. A brief reviewon optical
surfacescanningtechnologiescan be found in [1]. There are two typesof such scan-
ners: active and passive. Passive scannersreconstruct the surfacefrom stereoscopic
imagesor from video recordingsof the object. Most existing stereoscopicsystems
are not truly passive, as a grid must be projected on the object to facilitate the im-
agecorrelation. Sincethis model is basedon light projection, it is very sensitive to
lightning conditions. However this technology is harmlessto humans. Activ e scan-
nersproject laserbeamon the scannedobject. Then, the surfaceis reconstructedby
triangulation. The projected laserbeamcan be harmful to human eyes. Most of the
active scannersare not eyes-safe.Therefore, they cannot use for scanninghumans.
Eyes-safescannersare expensive and not commonly usedin the operating room.
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Surface scanning as an in traop erativ e imaging mo dalit y
In [34], a virtual realty systemfor neurosurgeryis presented. It combinesboth naviga-
tion systemand surfacescannersasthree dimensionaldata capture. The registration
processis basedon the ICP surfaceregistration algorithm [27] and requiresuserinput
to computethe registration. The patient is not a�xed and a tracking systemusedto
track the patient during the clinical procedure.
Other clinical research [33], comparesmarker-basedregistration to surface-basedreg-
istration in neurosurgeryprocedures.The comparisonincludes:Accuracy. Registration-
processtime. Their resultsshow that marker-basedregistration is moreaccurateand
faster than surfacebasedregistration. The drawbacks of this work are:

� Only one kind of surfacescannerwas tested. So it is likely that the registra-
tion processaccuracyand time can decreaseby using more accurateand faster
surfacescanner.

� They computethe registration usinga surfacebasedregistration algorithm with-
out any initial registration input. This algorithm can be faster and more accu-
rate when an initial registration is given as input.

In [31], the accuracyof surfaceregistration is measuredusing targets located in the
patient mouth. Thesetargets were visible in a CT scan. The patient facesurfaceis
scannedwith high resolution surfacescanner.The scannedsurfaceis then registered
to the CT scan. Then, usingoptical tracking system,the disparity betweenthe phys-
ical location of targets and the targets on the CT scanis measured.They achievedan
averageaccuracyof 1:1mm for high-resolution(300,000surfacepoints) scanningand
up to 6mm for low-resolution(3,750surfacepoints) scanning.Their resultsshow that
high resolution surfacescanningis accurateenoughfor many surgical applications.

In earlier work [5], we measuredthe accuracyof the MRI/surface scanregistration
by acquiring 19 pairs of MRI/3D surfacescansof the �rst two authors with di�eren t
facial expressions{ worried or relaxed, eyes open or closed. The MRI scansare
256� 256� 200pixels3 with voxel sizeof 0:93� 0:93� 0:5mm3 from which 100,000-
150,000face surface points are extracted. The surface scanswere obtained with
a laser scanner(Konica Minolta Vivid 910, USA { accuracy of 0.1mm or better).
The registration RMS error was 1.0mm (std=0.95mm) computed in 2 secs,which is
adequateand comparesfavorably with [31].

2.4 The VTK soft ware library

VTK [15] is an open-source,portable (WinT el/Unix), object-oriented software sys-
tem for 3D computer graphics,visualization, and imageprocessing.Implemented in
C++, VTK alsosupports Tcl, Python, and Java languagebindings, permitting com-
plex applications, rapid application prototyping, and simple scripts. Although VTK
doesn't provide any user interface components, it can be integrated with existing
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widget sets such as FLTK, Tk or X/Motif. VTK provides a variety of data repre-
sentations including unorganizedpoint sets, polygonal data, images,volumes, and
structured, rectilinear, and unstructured grids. VTK comeswith readers/importers
and writers/exporters to exchangedata with other applications. Hundreds of data
processing�lters areavailable to operateon thesedata, ranging from imagerendering
model supports convolution to Delaunay triangulation. VTK's 2D, polygonal, vol-
umetric, and texture-basedapproaches that can be usedin any combination. VTK
is one of several visualization systemsavailable today. AVS2 was one of the �rst
commercialsystemsavailable. IBM's Data Explorer (DX),3 originally a commercial
product, is now open sourceand known as OpenDX. NAG Explorer4 and Template
Graphics Amira (seehttp://www.tgs.com/Amira/index.h tml) are other well-known
commercialsystems.Data structures, algorithms, and time-critical systemfunctions
are implemented in the C++ coreof the library. Commondesignpatterns such asob-
ject factoriesand virtual functions insure portabilit y and extensibility. SinceVTK is
independent of any graphical user interface(GUI), it doesn't depend on the window-
ing system. Hooks into the window ID and event loop let developers plug VTK into
their own applications. An abstract graphicsmodel (described in the next section)
achievesgraphicsportabilit y.

We usedthe visualization facilities of this library to implement the preoperative soft-
waremodule, to designthe phantom for the in-vitro experiments and their registration
algorithms implementation to implement the three-way registration module.
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Chapter 3

Metho d

This chapter presents the intra operativetargeting basedon preoperative imagesusing
skull mounted miniature parallel robot system. Section3.1presents the mathematical
formulation of the problem. Section 3.2 describes the preoperative module and its
related algorithms. Section3.3 presents the registration processusedin the system.
Section3.4 describesthe computation usedto move the robot to the target.

3.1 Problem statemen t

The problem this thesisdealswith consistsof two parts:

1. Pre-operative planning and simulation of the robot location accordingto pre-
de�ned target and entry points.

2. Computation of the rigid transformation T r obot
M RI that relates the preoperative

planning given in MRI coordinates systemto the intraoperative robot coordi-
nates system. Once this transformation has beencomputed, the systemcom-
putes the desiredrobot's con�guration which brings the robot needledriver to
the prede�ned needletra jectory.

The preoperative simulation module inputs the target and entry point as de�ned by
the surgeonon the MRI images. According to the mechanical model of the robot,
the con�guration of the robot at each location on the skull is computed. Then the
con�guration of each location is weighted and the resultsarepresented to the surgeon
for visualization. Then, the surgeonchoosesthe �nal location of the robot. In the
operating room, after the robot has been placed in its location with the help of a
video basedsupport systemdescribed in [30], the transformation T r obot

M RI is computed
with a two-phaseregistration algorithm that will be described in section3.3.

Referring to Fig. 3.1, the computation processconsistsof two parts:
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Figure 3.1: Systemtransformations chain. the transformations chain used to align
the preoperative planning to the intraoperative scene.The transformation between
the MRI model and the surfacescanis computed using anatomical landmarks such
asthe eyesor the earsand the headsurface.The transformation betweenthe surface
scanand the robot is computedusing a custom designedregistration jig.

1. Compute the transformation betweenthe MRI and the intraoperative surface
scanner,denotedby T sur f acescanner

M RI

2. Compute the transformation between the surface scannerand the robot at-
tached to the patient, denotedby T r obot

sur f acescanner

By concatenatingthesetransformations we get:

T r obot
M RI = T r obot

sur f acescanner T
sur f acescanner
M RI

3.2 Preop erativ e planning

The preoperative planning module inputs the CT/MRI imageand geometricmodels
of the robot, its work volume and the targeting guide. It automatically builds from
the CT/MRI imagethe skull and forehead/earsurfacesand extracts four landmarks
(eyesor ear) to be usedlater for coarseregistration.

The module allows interactive visualization of the CT/MRI slices(axial, cranial and
sagital views)and the three-dimensionalskull surface.It enablesthe surgeonto de�ne
entry and target points, allows the visualization of the resulting needletra jectories
and provides spatial distancemeasurements (Fig. 3.2a).

The skull and forehead/earsurfacemodels are constructed in two steps. First, the
CT/MRI imagesare segmented with a low-intensity threshold to separatethe skull
pixels from the air pixels. The ear tunnel pixels are then identi�ed and �lled. The
surfacesarethen reconstructedwith enhancedMarching Cubessurfacereconstruction
algorithm. This algorithm described in detail in [30]. The four eye/ear landmarks
extraction algorithm is described in Section3.3.
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(a) Entry and target point selection (b) Robot baselocation and range.

Figure 3.2: Preoperative planning module screens.

Basedon the surgeon-de�nedentry and target points and the robot mounting mode
(skull or headclamp), the module automatically computesthe optimal placement of
the robot baseand its range. The optimal robot baseplacement is such that the
planned needletra jectory is at the center of the robot work volume. Placements
away from it are assigneda scorebasedon how far they are from the robot work
volumecenter. The resultsare graphically shown to the surgeon(Fig. 3.2b), who can
then selectthe actual position that alsosatis�es clinical criteria, such not being near
the cranial sinuses,temporal muscle,or the emissaryvein. The output includesthe
surgical plan (entry and target points), the planned robot baseplacement and the
facesurfacemeshand landmarks.

Rob ot optimal location computation
Referringto Fig. 3.3, the goalis to computethe transformation that alignsthe planned
tra jectory tr aj ectoryimag e

planned de�ned by the entry and target points in image coordi-
nates,P imag e

tar get and P imag e
entr y to the targeting guideaxis with the robot in homeposition,

in robot coordinates,guider obot
home. The location of the guide along the planned tra jec-

tory axis is determined by placing the tip of the robot guide in its home position,
P r obot

guide onto the closestpoint P imag e
closest on the planned tra jectory, tr aj ectoryimag e

planned . The
location of the robot tip guide P r obot

guide in the homeposition with respect to the robot
baseorigin P r obot

base is known. The transformation is such that the robot baseorigin
P r obot

base and Z axis coincideswith the desiredrobot placement in image coordinates
P imag e

base and its the outward normal, n(P imag e
base ). When the robot is skull-mounted, this

is the normal to the skull surfaceat the point, otherwise,simply an upward normal.
The X axis of the robot coincideswith the projection of the axis from the robot base
origin P imag e

base to the entry point P imag e
entr y , on the robot baseplane de�ned by the robot

baseorigin and the Z axis de�ned above. The Y axis is perpendicular to the Z and
X axes.
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Figure 3.3: Preoperative robot location computation.

The method for computing the optimal robot placement is as follows. For each
point (P imag e

base ) on the skull surface(head-mounted) or on a cube over the skull space
(frame mounted); First, the transformation that aligns the robot and imagecoordi-
nate framesT r obot

imag e is computedby matching four points, P r obot
i ; i = 1; 2; 3; 4 alongthe

X ,Y,Z axesat unit distancefrom the robot origin P r obot
base and the robot origin point

itself with Horn's closedform solution. Then, the planned tra jectory is computed in
robot coordinates,and the closestpoint to the robot guide is obtained with:

P r obot
closest = t � (P r obot

tar get � P r obot
entr y) + P r obot

tar get

t = P r obot
guide � Pentr y �

(P r obot
tar get � P r obot

entr y)

kP r obot
tar get � P r obot

entr yk

The transformation translations vector is directly obtained from P r obot
guide � P r obot

closest. The
transformation rotation matrix obtained from the anglebetweenthe planned tra jec-
tory axis, and current robot guide axis with Rodriguez formula (Appendix A.1.2).
Oncethe transformation hasbeencomputed,the algorithm scoresit to evaluate how
far is the robot position from its homeposition. The scoringis as follows. Let wmax

r i
,

wmax
t i

wcur r ent
r i

, wcur r ent
t i

be the current and maximum robot rotations and translations,
respectively, with respect to each axis i . The ratio betweenthe current move and the
maximum possiblemoveis computedfor each axis. From the above, the 6-dimensional
vector:

d = fj
wcur r ent

r x

wmax
r x

j; j
wcur r ent

r y

wmax
r y

j; j
wcur r ent

r z

wmax
r z

j; j
wcur r ent

tx

wmax
tx

j; j
wcur r ent

tx

wmax
tx

j; j
wcur r ent

tx

wmax
tx

jg
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is constructed. Its norm, divided by
p

6 (each component is normalized), yields
a normalized scorewhere zero represents no robot movement and one large robot
movements.

Sincethe optimal point with the a scorecloseto zeromight not be clinically feasible,
the results visualizeto the surgeon,who can choosethe actual robot place.

3.3 Three way registration algorithm

Once the surgeonhas de�ned the targets and the entry points on the preoperative
MRI data, thesepoints aretransformedto the intraoperativerobot coordinatessystem
with the transformation TRobot

M RI . This transformation is constructedfrom the following
two transformations:

1. The transformation from the MRI data to the intraoperative surfacescanner
referenceframe: TSur f acescanning

M RI

2. The transformation from the surfacescannerreferenceframe to the robot ref-
erenceframe: T r obot

Sur f acescanning

Thesetransformationsarecomputedwith geometricregistration algorithms. The two
main are:

1. Horn's landmarks closed form registration algorithm [2]
The landmarks basedregistration algorithm usesseveral corresponding points
(called landmarks) in the two surfaces. Then, by constructing and solving a
system of linear equations the transformation is obtained. Since it usesonly
four points from the whole surface, the accuracy of this algorithm is highly
dependent on the accuracyof each point and on the spatial distribution of the
landmarks. In addition, the correspondencebetweenthe landmarks in the two
surfacesshould be de�ned in order to compute the transformation.

2. ICP Surface based registration algorithm [27]
The ICP algorithm usesthe entire surfacepoints as landmarks. In each step it
choosesthe closestpoints in both surfaces.It then appliesthe landmarksbased
registration algorithm described above with the selectedpoints as landmarks.
By repeating this step several times, the algorithm converge to the nearest
local minima. The algorithm convergenceto the absolute minima where the
initial relativeposition is closeenoughto the solution. Otherwise,the algorithm
may converge to a local minima or not converge at all. Several variants of
this algorithm where developed in order to achieve more robust and accurate
registration. A review of these variants can be found in [32]. However, each
variant su�ers from its own disadvantages.
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To improve the convergencerate of the ICP algorithm, we propose the following
two-phasescheme:

1. Coarse registration
UseHorn's algorithm with several automatically detectedlandmarks

2. Fine registration
Usethe ICP algorithm to improve the accuracyachieved with Horn's algorithm

The following sectionsdescribe how we apply this schemeto compute the transfor-
mations mentioned above.

Computation of TSur f acescanning
M RI

The computation of TSur f acescanning
M RI consistsof four steps:

1. Detect several anatomical landmarks

2. Match betweencorresponding landmarks

3. Compute coarseregistration with Horn's algorithm

4. Compute �ne registration with the ICP algorithm

The following sectiondescribessteps1 and 2. Anatomical landmarkson the headcan
be the eyes, the noseor the ears. We implemented an algorithm for eyesdetection,
and �nd the correspondencebetweenthe eyeson the two surfaces.Other landmarks
such as the earscan be used. A method for earsdetection on headsurfacesacquired
with a surfacescannerdescribed in [20].

Step 1: Automatic detection of anatomical landmarks

Eyes detection
The algorithm to detect the two eyes on the surfacesextracted from the MRI data
and from the intraoperative surfacescannerdata basedon their geometrical char-
acteristics. Since only the eyes have a cup shape on the front side of the head, it
is relatively straight forward to detect them on the intraoperative surfacescanning.
However, the MRI surfaceincludesthe entire head,which hasmore areaswith a cup
shape, such asthe ears. Therefore,we developed an algorithm which detectsthe eyes
in the entire headsurfaceand not just from a frontal facesurface. (SeeAppendix A
for more details about di�eren tial geometryoperators usedin our algorithm).

The algorithm consistsof �v e steps:

1. Compute the curvature valuesfor each vertex on the surface.Selectonly those
above a prede�ned threshold value.
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2. Divide the vertices with high curvature values into several groups, using un-
seededregion growing segmentation method described in [22] with Euclidean
distance betweenvertices as connectivity measurement with a relatively large
distanceasthe thresholdvalue. For each group, wecomputeits center of gravit y
and the number of verticesin it.

3. Choosethe three largest groups. For each group, compute the Euclidean dis-
tance between the other groups centers of gravit y and this group center of
gravit y. Choosethe group with equal distancesto the other groups. This step
is basedon the following assumptions:

� The eyes and the earsare the three biggest featureson the head with a
cup shape.

� The di�erence betweendistancesfrom the center of the eyes to each ear
is lessthan the di�erence betweenthe distancefrom one ear to other ear
and the distancefrom this ear to the center of eyes.

4. Divide the selectedgroup into smallergroupsusing the samemethod asat step
2, with a smaller distanceas the threshold value.

5. Choosethe two biggestgroupsand compute their center of gravit y.

We denotetheselandmarks pM RI i ; pr angei
, wherei is the landmark index.

Lo cate two more corresp onding poin ts on each surface
Sincethe Horn's algorithm requiresat least four landmarks as input. Thereforetwo
additional landmarks, on each surfaces,must be found. This section describes a
heuristic method to detect two more corresponding landmarks on each surface. For
each surface,the algorithm computesthe vector betweenthe two landmarks located
before. For the MRI surfacethe algorithm computes:

vM RI = pM RI 1 � pM RI 2

Then we add/subtract this vector 1.5 times to/from each landmark and �nd the
closestpoint on the surfaceto the resulting point.

Step 2: Matc hing between corresp onding landmarks

The above method can extract landmarks from each surface. In addition, we should
�nd the correspondencebetweenthem. In [3], a method similar to the onepreviously
described is usedto perform facerecognition tasks. They assumethat the scanning
direction is from bottom to top (2.5D instead of 3D) to �nd the correspondence
between the landmarks. We suggesta simple method to �nd the correspondence
without madeany assumptionon the data.
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(a) Eyesextracted from the laserdata (b) Corresponding eyeson the MRI data

Figure 3.4: Eyesdetection results.

Let EM RI i be the coordinatesof an eye extracted from the MRI surface,and Esur f acei

those of an eye extracted from the intraoperative scannedsurface. There are only
two pairing options: EM RI 1 � Esur f ace1 or EM RI 1 � Esur f ace2 . Since the other two
landmarks are computedusing the eyes,the correspondencebetweenthem is similar
to the correspondencebetween the eyes. There are only two pairing options. We
compute the transformation between the two surfacesusing Horn's algorithm for
each option. For each transformation, we samplerandomly somepoints on the mesh
and measurethe distance from the transformed points to the target surface. The
algorithm choosesthe transformation leadsto the smallestdistancebetweenthe two
surfaces.At this stage,the algorithm hasthe initial transformation that will be used
by the ICP algorithm. Then, the �ne registration transformation is computed with
the ICP algorithm. The wholeprocesstake3-4minuteson standardPC machine with
Pentium IV and 1GB of memory without any interaction with the surgeon.Fig. 3.4
illustrates the landmarks detection results.

Computation of TRobot
Sur f acescanning

The next step in the processof establishinga commonreferenceframe betweenpre-
operative MRI imagesand the robot, is to �nd the transformation betweenthe intra-
operative surfacescannercoordinatessystemand the robot coordinatessystem. The
basicidea is to calibrate the intraoperative scannerand to �nd the exact location and
orientation of the robot. We perform both using a custom designedregistration jig.
The jig allows the computation of the transformation betweenthe intraoperative sur-
facescannerand the robot referenceframes. Therefore,the systemshouldbe able to
identify the jig referenceframe from the scannedsurface.Then, we multiply it by the
transformation from the jig referenceframe to the robot referenceframe. Formally,
denote the jig referenceframe as F J ig , the robot referenceframe as F Robot and the
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(a) The registration jig model (b) The scannedjig surface

Figure 3.5: Registration jig: the intersectionpoints usedas landmarks.

intraoperative surfacescannerreferenceframe as F Sur f acescanner .

We should �nd the transformation TRobot
Sur f acescanner . This transformation is the compo-

sition:

TRobot
Sur f acescanner = TRobot

J ig TJ ig
Sur f acescanner

The transformation TRobot
J ig is known from the mechanicaldesignof the system. There-

fore, we only needto compute the transformation T j ig
scanner . This can be done in two

stepsasdescribedabove. The �rst stepconsistsof computing the transformation with
Horn's landmarks basedregistration algorithm. The secondstep is the ICP surface
registration algorithm. The landmarksbasedregistration algorithm requiresas input
at least four corresponding pairs of points from two surfaces.

Jig design

The registration jig consistsof a 75 � 75mm2 base with wide-angled tetrahedron
of 9mm height (Fig. 3.5a). All anglesbetween pairs of planes are di�eren t. It is
designedsothat all four planescanbe seenfrom a wide rangeof scanningviewpoints,
with su�cien t areafor adequatescansampling. To facilitate plane identi�cation, all
pairwise plane anglesare di�eren t. Due to theseproperties, an algorithm to detect
the intersection points on the jig, and match them to the intersection points on the
model was developed.

Landmarks extraction and registration algorithm

The algorithm consistsof six steps:

1. Triangulate the points set using Delauny triangulation [26].
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2. Compute the normal vector at each point by averaging the vertex edgescross
product.

3. Classifythe points into groupsaccordingto their normal vectorsdirectionsusing
an unseededregion growing algorithm as described in [22]. The anglebetween
the normals is usedas the similarit y measure.

4. Selectthe four largest groups,and de�ne them as the jig planes.

5. Compute the planesequationsusing averagenormal vectors. Basedon these
equations,analytically compute the intersectionsbetweenthe planes.

6. Match the intersectionpoints computedin the previousstep to the intersection
points known from the jig mechanical designmodel using the anglesbetween
planes.

The output are four points recognizedon the scannedsurface of the jig and the
corresponding points on the jig model (Fig. 3.5).

Using Horn's algorithm, the algorithm computesthe transformation T J ig
Sur f acescanner .

To further improve the accuracyof the transformation, the ICP surfaceregistration
algorithm is usedwith the transformation T j ig

scanner as initial guess.

3.4 Computation of the in traop erativ e rob ot con-
�guration

The �nal step is to locatethe needledriver in the needletra jectory de�ned by the sur-
geonin the preoperative plan. The robot hasits independent coordinate system. The
transformation T r obot

j ig is given from the mechanical designof the system. Therefore,
the desiredrobot con�guration is obtained from the transformations chain:

T r obot
M RI = T r obot

j ig T j ig
sur f acescanner T

sur f acescanner
M RI

The needle tra jectory is transformed to robot coordinate system and the desired
con�guration is computedwith Rodriguez formula (Appendix A.1.2).
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Chapter 4

Exp erimen tal results

We have implemented a completehardware and software prototype of the proposed
systemand have conductedtwo in-vitro experiments to validate it and quantify its
accuracy. This chapter is organizedas follows. Section 4.1 presents the materials
used in the experiments. Section 4.2 surveys the validation methods in Computer
Aided Surgery �eld (CAS) and presents the designof the in-vitro experiments that
we designedfor validating our system. Section 4.3 presents the results of theseex-
periments.

4.1 Materials

The experiments aim to validate the system and quantify the in-vitro accuracy of
the entire system. For thesepurposes,we manufactured the registration jig, a posi-
tionable robot mounting base,and a precisestereo-lithographicphantom replica of
the outer head surfaceof the author of this thesis from an MRI dataset. Both the
phantom and the registration jig include markers at known locations for contact-
basedregistration. In addition, the phantom includes markers, located inside the
skull, to simulate targets inside the brain. The phantom is attached to a basewith
a rail onto which slidesa manually adjustable robot mounting base. A video based
surfacescanner(Optigo200, CogniTens{ 0.03mmaccuracy)was usedas the surface
scanner(Fig. 4.1). A tracking system(Polaris, Northern Digital, Canada) was used
as a gold standard coordinate measuringsystem. The rest of this section describes
the phantom design,and the useof the tracking systemas a validation tool.

The phan tom

The designof the phantom for the in-vitro validation experiments is basedon the
purpose of the system and the experiments. The goal of the proposed system is
to perform registration betweenpreoperative referenceframe and the intraoperative
robot referenceframe. Therefore,the phantom has the following characteristics:
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(a) front view, with registration jig; (b) sideview, with robot

Figure 4.1: In-vitro experimental setup.

� Targetsat known locations,sothat the robot needleguidecan bring the needle
exactly to thesetargets. Thesetargets will allow us to measurethe accuracyof
the entire system.

� Pre-de�ned markers,which allow the registration of the optical tracking system
with the MRI scan,in order to usethe optical tracking systemasa measurement
tool.

� Human facial expression,usedasanatomical landmarks in the three way regis-
tration process.

We made a custom phantom from the MRI scanof the author of this thesis. First,
the phantom model was created using the VTK software library [15]. Registration
markers and targets were designedas coneswith radius=1:5mm and with angle of
120� . The markersfor registration wereplacedon the headsurface(seeFig. 4.2a)and
the targetswerelocatedon an inclined planeinsidethe phantom. Targetswerelocated
in di�eren t heights and in di�eren t locations in the head to quantify the accuracy
of the system in various clinical setups(Fig. 4.2b). Then, using stereo-lithography
technology, wesent the model to bemanufactured. The phantom manufacturing error
with respect to the MRI model is 0:15mm, asmeasuredby the Optigo200. Other o�
the shelf MRI compatible phantoms are not useful, since their facial expressionis
usually not captured, as it is unimportant in many studies. It is thereforecannot be
useas anatomical landmarks for the three-way-registration algorithm.
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(a) Sideview (b) Top view

Figure 4.2: Two views of the phantom model created from MRI data, augmented
with registration �ducials and target �ducials inside the skull. The detail shows the
geometryof the �ducial.

Optical trac king system

To perform the registration experiments, we used an optical tracking system as a
3D coordinate measuringmachine. The tracking system is registered to the MRI
model coordinates system,using the registration markers which were located on the
phantom. This allows us to obtain the relative locations of the phantom and the
registration jig. Their spatial location is determined by touching with a calibrated
tracked pointer the phantom and registration jig �ducials. The positional error of the
tracked pointer at the tip is estimatedat c0:5mm.

4.2 Validation metho ds

As discussedin [29], there is a needto de�ne the terms and methodsusedin validation
and in particular what kind of measurements to take and how to quantify the system
accuracy. This sectionsurveysthe validation methods usedin CAS and describesthe
measurements we usedin our experiments.

4.2.1 Validation metho ds in CAS

The following sectionsummarizesthe main factors that must be consideredin assess-
ing the valueof CAS systemswith respect to their potential application assummarized
in [25]. Thesefactors include:
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� Accuracy and precision
Improvethe accuracyof therapy dosepattern delivery and reduceits variate and
tissuemanipulation tasks (e.g., biopsy, microsurgery, robotic bonemachining).

� New treatmen t options
Improve human sensory-motor(e.g., in microsurgery). Enable lessinvasive pro-
cedureswith real time imagefeedback. Speedclinical research through greater
consistencyand data gathering.

� Qualit y
Improve the quality of surgical technique, thus improving results and reducing
the needfor revision surgery

� Time
SpeedOR time for someinterventions.

� Cost Reducecosts from healing time and revision surgery. Provide e�ectiv e
intervention to treat patient condition.

� Less invasiveness
Provide information and feedback neededto reducethe invasivenessof surgical
procedures,thus reducing infection risk, recovery times and costs(e.g., percu-
taneousspinesurgery).

� Safety
Reducesurgical complicationsand errors, again lowering costs,improving out-
comesand shorteninghospital stays (e.g., steadyhand brain surgery).

� Real time feedback
Integrate preoperative modelsand intraoperative imagesto give surgeontimely
and accurate about the patient and intervention. Assure that the planned
intervention has in fact beenaccomplished

The most relevant factor for this study is accuracy. The accuracy is a chain and
dependson the robot accuracy, 3D surfacescanner,preoperative imaging modality
resolution and the alignment of the preoperative data with the intra operative data.
Most of thesefactors depend on the hardware that will be used. Therefore,the main
issueis the registration algorithm error.

The following sectiondiscussesthe algorithm accuracyfactors as summarizedin [4].
The measurement of registration successwill be a statistical estimateof the geometri-
cal measureof the alignment error. A variety of such measurements havebeenusedto
measurethe quality of registration, but not all are of equalvalue. An understanding
of their meaningis crucial to understandand evaluate reports of registration accuracy.
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Target and Fiducial Registration error

Two main measureswhich called Fiducial Registration Error (F RE) and Target
RegistrationError (TRE) arecommonlyused. The F RE measuresthe o�set between
the points used in the registration process(the �ducials) after the registration, i.e.
after one of the points has been subjected to the registering transformation. Let
pf denotesa �ducial point in the preoperative data, and qf the corresponding point
in the intraoperative data. Let T be the registration transformation between the
preoperative and intra operative data. Then,

F RE = T(pf ) � qf

The TRE measuresthe o�set betweentwo corresponding target points after registra-
tion. The word target in the nameof this measureis meant to indicate that the error
is being measureat an anatomical position that is the target of someintervention
or diagnosis.Formally, let pt represents an intervention target point in the preoper-
ative data, and qt the corresponding point in the intra operative data, let T be the
registration transformation betweenthe preoperative and intra operative data. Thus,

TRE = T(pt ) � qt

When the direction of the error is of importance, the vector quantit y is alsoreported.
Usually, only the magnitude TRE of the error is reported.

The TRE is more meaningfulasa measureof registration successthan F RE for two
reasons.First, TRE can be measuredat clinically relevant points, whereasF RE is
by de�nition limited to �ducial featureswhosepositionsareclinically relevant only by
coincidence.Second,F RE may overestimateor underestimatethe registration error.
However, the TRE has onesigni�cant disadvantage: it is di�cult to measureout of
the operating room. For this purpose,we manufactured a phantom with prede�ned
targets inside the head, and measuredthe o�set between the targets on the model
and the robot needleguide.

Gold standard

We discussnext various methods for estimating the error. The most direct method
for estimating the registration error is to comparea given registration transformation
with a "ground truth" transformation, onewhoseaccuracyis high. However there are
many other factors which a�ect the systemaccuracy. Therefore, experiments must
be performed on a real data which has no known ground truth. In this case,the
ground truth can be obtained from a 'gold standard' registration methods, which we
de�ne as a registration systemwhoseaccuracyis known to be high. Gold standards
comparisonexperiments may be basedon phantoms or cadavers.
In our system,the TRE is estimatedby usingtargetsand �ducials which werede�ned
on the phantom. We measuredthe o�set between the targets in the physical and

34



model spaceswith an optical tracking system. The physical point is taken to be the
position of the needleplaced by the robot at the computed point, while the image
spacepoint is the location of the target as de�ned on the phantom model.

Lo calization errors

The comparison with a gold standard introduces the gold standard system error
into the validation. The target feature, for example,when it is basedon a marker
designedto be accuracylocatable, will not provide a perfect estimate of TRE, since
the localization of the point measuredwith a Target Localization Error (TRE). For
rigid body transformations,the transformedposition of the point p is T(p)+ T(TLE p),
whereT is the registration transformation.

The true TRE will, in general,be di�eren t from the measuredvalue,TREm , because
of the error in localization (TLE ). For a given measurement, the TREm is larger
than the TRE, in the Root Mean Squares(RM S) sensefor the following common
assumptions:

1. The localizationsof targets are uncorrelatedwith the registration error

2. There is no bias in the errors

The RM S errors are related by:

RM S(TRE) =
q

RM S(TREm )2 � RM S(TLE p)2 � RM S(TLE q)2

When the target localization error can be estimated, the value of the RM S(TRE)
can be computed. Otherwise, the RM S(TREm ) serves as an upper bound on the
error. A similar situation holds when the TRE is determined by comparisonwith
another registration system usedas the gold standard. Since the errors of the two
systemsare likely to be uncorrelated, the relationship betweenactual TRE and the
measuredvalue TREm is:

RM S(TRE) =
q

RM S(TREm )2 � RM S(TREg)2

where TREg is the target registration error for the gold standard. In our experi-
ments, the optical tracking systemmeasurement error TLE p = 0:5 and the phantom
localization error TLE q = 0:15. Therefore we estimate the RM S(TRE) using the
�rst equation.

Registration chains

The three-way-registration consistsof a transformations chain as described above.
Therefore,we examinedthe in
uence of each transformation error in addition to the
entire systemerror. The experiments weredesignedsoas to allow us to evaluate the
error addedby each component of the transformations chain. The following section
describestheseexperiments.
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4.2.2 Exp erimen ts design

The registration chain of our system,shown in Fig. 3.1 consistsof four transforma-
tions:

1. T sur f acescanner
mr i : the transformation from the MRI referenceframe to the surface

scannerreferenceframe

2. T r egistr ationj ig
sur f acescanner : the transformation from the surfacescannerreferenceframe to

the registration jig referenceframe

3. T r obot
r egistr ationj ig : the transformation from the registration jig referenceframe to

the mounted robot referenceframe

4. TN eedledr iv er
r obot : the transformation from the robot baseto its needledriver

Transformations 1 and 2 are computed using the three-way-registration algorithm
described in Chapter 3. Transformation3 and 4 aregiven from the mechanical design
and areassumedto havea negligibleerror (� 0:1mm). The error of the approximation
of transformation 1 is described in [5]. Two experiments was designed. The �rst
experiment was measuredthe error of transformation 1 and 2 in the robot base.
The secondexperiment was designedto measurethe entire system error inside the
skull. The di�erence betweenthe �rst and the secondexperiments is the sameasthe
di�erence betweenthe F RE and TRE measurements.

4.3 Exp erimen tal results

This sectiondescribesthe �rst and the secondexperiments and their results. First, we
measuredthe accuracyof the registration betweenthe real facesand the CogniTens
scans,taken several months apart, as we did in the earlier experiment. The RM S
error is 0:7mm(std = 0:25mm), which shows that registration basedon facial features
is accurate and stable over time. We also measuredthe accuracyof the robot and
registration jig mounting with the optical tracker by putting on and o� 10 times
the registration jig and measuringthe �ducial o�set location. The F RE is 0:36mm
(std = 0:12mm) , which is within the measuringerror of the optical tracker.

Rob ot localization (3D surface scanning to world registration)

The goal of the �rst experiment is to quantify the three-way-registration error in the
robot baselocation. Two chains were usedto compute the registration jig location
(Fig. 4.3). On one hand, the three-way-registration algorithm computed the regis-
tration jig position in MRI coordinates and on the other hand, we computed this
position with the optical tracking system.
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Figure 4.3: Registrationchainsfor the �rst in-vitro experiment. Each box corresponds
to an independent coordinate system. The location of the registration jig markers
with respect to the robot baseorigin is computedoncevia the surfacescanner(phan-
tom/scanner and registration jig/scanner transformations, denoted by a solid line)
using the faceand registration facesurfaces,and oncevia the optical tracker (phan-
tom tracker and registration jig/trac ker transformations, denotedby a dashedline)
using the registration jig and the face �ducials. By construction, the phantom and
the MRI are in the samecoordinate system.

First, we scannedthe phantom and the registration jig with a 3D surfacescanner
(Optigo200, CogniTens. SeeFig. 4.4a). Then, the three-way-registration module
computedthe location of the registration jig in MRI coordinates. Next, we registered
the tracking systemreferenceframe to the MRI referenceframeusingthe registration
�ducials on the phantom. Then, we measuredthe location of the registration jig
with the tracking system(Fig. 4.4b), and got the measurement in MRI coordinates.
Finally, we computed the Euclideandistancebetweenthe two measurements.

The protocol of this experiment is as follows:

1. Locate the registration jig.

2. Scanboth the phantom surfaceand the registration jig with the intraoperative
3D surfacescanner.

3. Compute the transformations TSur f acescanner
M RI and TRegistr ationj ig

Sur f acescanner with the three-
way-registration algorithm.

4. Register the optical tracking systemcoordinate systemto the MRI coordinate
systemwith the registration �ducials placedon the phantom.

5. Measurethe F RE of the registration betweenthe MRI and the optical tracking
systemusing the registration �ducials placedon the phantom.

6. Compute the location and orientation of the registration jig with the optical
tracking system,using the �ducials placedon the registration jig.
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(a) The surfacescanner (b) Registration of the tracking system

Figure 4.4: The �rst experiment.

7. Transformthe registration jig position acquiredwith the optical tracking system
to the MRI coordinatessystemusing TM RI

T r acker which was computed in step 4.

8. Compute the robot location and orientation in the surfacescannercoordinates
system. Transformit to the MRI coordinatessystemusingT M RI

Sur f acescanner which
was computedwith the three-way-registration algorithm in step 3.

Finally, wehavetwo correspondingsetsof points, both in the MRI coordinatessystem.
The �rst measuredusing our three-way-registration algorithm and the secondmea-
sured with the optical tracking system. Then, we computed the di�erence between
thesetwo measurements. Formally, for a given point p given both in registration jig
coordinatessystemand in tracker coordinatessystem,we compute:

kTM RI
T r acker p

T r acker � TM RI
Sur f acescanner T

Registr ationj ig
Sur f acescanner p

Registr ationj ig k

We compute this disparity for four points located on the registration jig and repeat
on this experiment for �v e registration jig locations.

Table 4.1 shows the results of �v e experiments. The TRE is 1:7mm. As explained
before, this measureis an upper bound on the real TRE. Since the measurement
tool error and the phantom manufacturing error are known, the real TRE can be
computedusing the equation:

RM S(TRE) =
q

RM S(TREm )2 � RM S(TLE p)2 � RM S(TLE q)2

where, TREm = 1:7mm, TLE p = 0:5mm, and TLE q = 0:15mm. This yields to
RM S(TRE) = 1:62mm at the registration jig location, which is closeto the desired
clinical goal.

This experiment quanti�es the accuracy of the three-way-registration algorithm at
the robot mounting base. Therefore it can be also consideredas a TRE measure.
However, the error measuredat the robot mounting base,outsideof the patient skull,
and not at the clinical targets which de�ned by the surgeon,which located in the
brain. Therefore,this experiment is a measureof the F RE.
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Set phan tom/scan rob ot/scan phan tom/trac ker rob ot/trac ker Error
RMS (std) RMS (std) FRE (TRE) FRE (TRE)

1. 0.45(0.16) 0.31(0.22) 0.50(0.61) 0.71(0.68) 2.71
2. 0.46(0.17) 0.28(0.20) 0.50( 0.61) 0.71(0.68) 1.85
3. 0.46(0.17) 0.25(0.13) 0.22(0.53) 0.65(0.69) 1.31
4. 0.46(0.18) 0.34(0.27) 0.22(0.53) 0.65(0.69) 1.09
5. 0.44(0.14) 0.21(0.08) 0.76(0.79) 0.73(0.73) 1.49
Avg. 0.46(0.17) 0.28(0.18) 0.44(0.62) 0.67(0.69) 1.69

Table 4.1: In-vitro registration results (in mm) of �v e experiments. The secondand
third columns are the surfacescannerphantom and robot basesurfaceregistration
errors. The fourth and �fths columnsarethe �ducial tracker phantom andregistration
jig registration errors (both F RE { Fiducial Registration Error { and TRE { Target
Registration Error for a target at about 150mm from the mounting base. The last
column is the error betweenthe target scannerand tracker �ducial locations.

4.3.1 Needle tra jectory

The goal of the secondexperiment is to measurethe error of entire system at the
clinical targets inside the brain spacefor several robot locations. Two chains were
usedto compute the targets locations (Fig. 4.5). The one computed the needletip
location with the three-way-registration algorithm and the other computed it with
the optical tracking system.

A calibrated customneedleand needleguidewith a trackedreferenceframewasbuilt.
The protocol of this experiment is as follows:

1. Locate the registration jig.

2. Scanboth the phantom surfaceand the registration jig with the intra-operative
3D surfacescanner(Fig. 4.6a).

3. Compute the transformations TSur f acescanner
M RI and TRegistr ationj ig

Sur f acescanner with the three-
way-registration algorithm (Fig. 4.6b).

4. Registerthe optical tracking systemcoordinate systemwith the MRI coordinate
systemusing the registration �ducials placedon the phantom.

5. De�ne entry and target points on the phantom model. The intraoperative
module computesthe robot con�guration and the robot locatesits needleguide
on the prede�ned needletra jectory (Fig. 4.6c).

6. Insert the tracked needleto the needleguideand samplewith the optical track-
ing systempoints on the tracked needletra jectory (Fig. 4.6d). Transformthese
measuresto the MRI coordinatessystem.
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Figure 4.5: The transformations chains compared in experiment 2. The transfor-
mation from the registration jig to the targets added to the chain of experiment 1
(Fig. 4.3).

7. Compute a line equation from thesepoints with the least squaresmethod.

Finally, the anglebetweenthis line equationand the prede�ned needletra jectory and
the shortestdistancefrom the needletra jectory to the prede�ned target is computed.

We repeat this protocol for four di�eren t robot locations. For each robot location,
we repeat on steps5-7 several times.

Table 4.2 summarizethe results of this experiment. The Target Registration Error
TRE = 1:57mm. It includes the positional error tracked pointer TLE p = 0:5mm
(this can be improved with a more accurate measuringsystem) and the phantom
manufacturing error TLE q = 0:15mm. Thereforethe actual TRE seemsto be 1:5mm
which is closeto the desiredclinical goal.
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(a) The raw surfacescan. (b) After registration.

(c) The robot desiredcon�guration. (d) The tracked needle.

Figure 4.6: The secondexperiment.
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Trial phan tom/scan Target Entry Target Tra jectory
RMS (std) error error angular error

A 1.10 1.45 0.89
B 1.59 0.99 0.88

1 0.40(0.13) C 2.43 0.07 2.07
D 1.41 1.97 1.48
E 1.65 2.92 0.96
F 2.38 2.83 0.8
A 2.10 1.61 1.10
B 0.55 1.19 1.65

2 0.39(0.12) C 1.42 0.11 1.96
D 4.53 7.87 2.65
E 2.78 3.17 1.34
F 2.57 2.63 2.27
A 3.18 0.45 1.98
B 0.99 0.38 2.42

3 0.42(0.13) C 1.13 0.99 2.13
D 0.65 1.25 2.37
E 1.30 0.99 1.53
A 1.64 0.96 1.98
B 1.36 0.37 1.82

4 0.40(0.12) C 0.78 0.22 1.11
D 2.37 1.45 0.80
E 0.55 0.81 1.20

Avg(std) 0.40(0.12) 1.74(0.97) 1.57(1.68) 1.60(0.58)

Table 4.2: In-vitro registration results (in mm) of four trial experiments. The �rst
column is the run number. The secondcolumn is the surfacescannerregistration
error with respect to the phantom. The third column is the target name inside the
brain. The fourth, �fth, and sixth columnsareneedleerrorsat the entry point, target,
and the tra jectory angular error. The last row is the averageand standard deviation
over all 22 trials and targets.
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Chapter 5

Conclusions

5.1 Summary

Wehavedescribeda systemfor automatic precisetargeting in minimally invasivekey-
hole neurosurgerythat aims at overcomingthe limitations of existing solutions. The
system, which incorporates the miniature parallel robot MARS, will eliminate the
morbidity and headimmobilization requirements associated with stereotacticframes,
eliminate the line-of-sight and tracking requirements of navigation systemsand pro-
vide steadyand rigid mechanical guidancewithout the bulk and cost of large robots.
The system-widein-vitro experimental results suggestthat the desiredclinical accu-
racy could be within reach.

This thesispresents the preoperative planning and registration modules,and results
on two in-vitro registration experiments. It establishesviabilit y of the surfacescan
conceptand the accuracyof the location error of phantom targets with respect to the
robot baseto 1:5mm, which is closeto the required 1 � 1:5mm clinical accuracyin
many keyholeneurosurgicalprocedures.

5.2 Future work

Further work is of coursenecessaryand currently under way. The �rst issueis to
quantify the clinical accuracyof the preoperative MRI to intraoperative 3D surface
scanregistration. For this, we plan to selecta dozenpatients programmedfor neuro-
surgery for whom preoperative MRI studiesare prescribed. Intraoperatively, before
the surgerystarts, we will acquireseveral frontal and lateral 3D surfacescansof the
patients heads.In the laboratory, wewill registerthe two data setsand comparethem
asdescribed in the Resultssection. We will study both frontal and lateral matching,
and determine their accuracy, variabilit y, and robustnessin the presenceof draping
and intubation. In casethe accuracyof the preoperative MRI to intraoperative 3D
surfacescanregistration is not satisfactory, we have deviseda fall back plan. We plan
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to useskin markerssimilar to thoseusedfor navigated neurosurgery. Preoperatively,
the skin markers are placedon the patient foreheadand skull, and an MRI dataset
is acquired. In the planning step, the �ducials are automatically identi�ed and their
locations computed. Intraoperatively, beforethe surgerystarts, a 3D surfacescanin
which most or all the skin �ducials are visible by the surfacescanneris acquired,and
the �ducial locations computed (this is the equivalent of touching the skin markers
with a tracked pointer). A closedform registration between the two skin marker
locations is then performed. The accuracy of this procedure is expected to be at
least asgood as the oneof the optical systemusedfor navigation, sincethe accuracy
of the 3D surfacescanneris higher than that of the optical tracking system. Note
that a hybrid approach, in which both a subsetof surfacepoints and skin markers
are usedis also viable. It has the advantage of using all the data available. Further
validation with respect to clinical viabilit y of the intraoperative robot positioning,
systemperformance,assumptionsvalidation, ergonomy, surgicalwork
o w, and other
metrics will be investigated.
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App endix A

Mathematical background

This Appendix presents the notation and basicequationsusedin this thesis.

A.1 Three dimensional rigid transformations

Let A and B be three dimensional coordinate systems, let P A represent point P
in A in homogeneouscoordinates. A rigid transformation T B

A converts PA to the
coordinate systemB: PB = TB

A PA . Given two transformations TB
A from A to B and

TC
B from B to C, a new transformation TC

A from A to C is obtained by composing
TC

A = TC
B TB

A . The inversetransformation from C to A is denotedby: T A
C = TC

A
� 1. A

spatial rigid transformation T consistsof a rotation and translation and is obtained
by:

2

4
p

0

x

p
0

y

p
0

z

3

5 = T

2

4
px

py

pz

3

5 = R

2

4
px

py

pz

3

5 + t

where t represents translation and R represents rotation. There are several ways to
specify a rotation matrix. The following sectionsdescribe two methods usedin this
thesis.

A.1.1 Fixed axis rotations

Given a frame B, we describe its orientation relative to frame A as follows. Start
with a framecoincident with A. First, rotate it about X A , then about YA , and �nally ,
about ZA . Let ! be a three dimensionalvector ! = (! x ; ! y; ! z) representing the �xed
axis rotation, with respect to the x; y; z axis. This de�nes the following rotation
matrix

A
B R = Rz(! z)Ry(! y)Rx (! x ) =
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c! z � s! z 0
s! z c! z 0
0 0 1
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2
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1 0 0
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0 s! x c! x

3
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=

2

4
c! zc! y c! zs! ys! x � s! zc! x c! zs! yc! x + s! zs! x

s! zc! y s! zs! ys! x + c! zc! x s! zs! yc! x � c! zs! x

� s! y c! ys! x c! yc! x

3

5

wherec is cosine,and s is sine. Extracting ! x ; ! y; ! z from the matrix results in the
following formulas:

! y = atan2(� r 31;
q

r 2
11 + r 2

21)

! z = atan2(
r21

c! y
;

r11

c! y
)

! x = atan2(
r32

c! y
;

r33

c! y
)

We choosethe positive squareroot, so that � � � ! y � � .

A.1.2 Rotation axis: the Ro driguez form ula

In many casesin robotics, the rotation is given by the current robot arm tra jectory,
and the next step tra jectory. To computethe rotation which necessaryto go from the
current tra jectory to the next tra jectory, usethe Rodriguez formula. Given a frame
B, we describe its orientation relative to another frame, A, as follows. Start with a
framecoincident to A. Rotate the frameabout the vector NA by an angle� according
to the right hand rule. Let N = (n1; n2; n3) be the rotation axis (unit vector) and �
the rotation angle. The following matrix is the rotation we seek.

Rn (� ) =

2

4
nxnxv� + c� nxnyv� � nzs� nxnzv� + nys�

nxnyv� + nzs� nynyv� + c� nynzv� + nxs�
nxnzv� + nys� nynzv� + nxs� nznzv� + c�

3

5

where c is cosines is sine and v� is 1 � cos� . A formal description of this matrix
can be found in [23]. We can obtain the �xed axis rotation anglesby building a
rotation axis matrix. Then, using the equationsabove, the �xed axis rotation angles
are extracted.

A.2 Di�eren tial geometry operators

We de�ne an analytic surfaceas a parametric function X : R2 ! R3 as follows:

X (u; v) = x(u; v); y(u; v); z(u; v)
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The hessianmatrix of a surfaceis de�ned to be the secondorder derivatives of X .
The eigenvaluesof the Hessianmatrix are the principle curvatures,wherethe largest
eigenvaluecorrespondsto the maximum curvature, and the smallesteigenvaluecorre-
spondsto the minimum curvature. The corresponding eigenvectorsare the directions
of largest and smallest changesof the �rst derivative. The shape index operator is
de�ned in [24] as:

s(p) =
1
2

�
1
�

tan� 1 kmax (p) + kmin (p)
kmax (p) � kmin (p)

It is used to classify shapes according to their minimum and maximum curvature
values. Other operators used to classify shapes are the Gaussand Mean curvature
operators:

K = kmax � kmin

H =
kmax + kmin

2

This de�nition of curvatures assumesan analytic surface. Several algorithms have
beendeveloped to computetheseoperatorson a discretemesh. Thesealgorithms can
be divided to the following groups,basedon their approximation methods:

Surface �tting metho ds. This type of algorithms �ts an analytic function to a
local neighborhood of vertex vi usingleastsquaresmethod. Then the curvatures
of the function assumedto be the curvatures of vi .

Gauss Bonnet scheme This method computes the anglesbetween vertex edges.
Then, using GaussBonnet theorem, the curvatures valuesare extracted.

Normal curv ature metho d. This method usesthe di�erence betweenverticesvi ; vj

normalsasan approximation to the curvature at the direction vi � vj . Using all
neighbor verticesof vertex vi wecan�nd the maximum and minimum curvature
using eigenvaluesanalysis. This method was introducedby G. Taubin in [19].

Many workscomparethesemethods,and their variants (see:[18]). We found that the
Normal curvature method [19] is fast and robust than other methods on our dataset.
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