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Abstract

Brain deformation models have proven to be a powerful tool in compensating for soft

tissuedeformationduring image-guidedneurosurgery. The accuracyof thesemodelscan

be improved by incorporating intraoperative measurements of brain motion. We have

designedand implemented a passive intraoperative stereovision (iSV) systemcapable

of estimating the 3-D shape of the surgical scenein near real-time. The motion of the

estimated cortical surface is then tracked over time. This cortical motion is used to

guide a full brain model, which subsequently updates a preoperative MR volume. We

have found that the iSV systemis accurate to within approximately 1mm. Executing

on a 1.1 GHz Pentium machine, the 3-D estimation from a stereopair of 1024£ 768

resolutionimagesrequiresapproximately 60secondsof computation. Basedon data from

representativ e clinical cases,we show that stereopsisguidance improves the accuracy

of brain shift compensation both at and below the cortical surface. Speci¯cally, we

report an averageerror reduction of 3:7mm relative to the model estimatewithout using

intraoperativedata. In addition, advantagesof our iSV systemincludeits fast acquisition

rates,predominantly automatedsteps,and overall accuracy. Thesecharacteristicsallow

us to capture other important cortical behavior such as the tissue resection and the

pulsatile motion of the cortical surface.

ii



Ac knowledgmen ts

I would like to thank my current and former teachers and mentors for their guidance,

my colleaguesand friends for their support, and my family for their love.

This work is supported by grant R01-NS33900awarded by the National Institute of

NeurologicalDisordersand Stroke.

iii



The real voyageof discovery consistsof not in seekingnewlandscapesbut in having new

eyes.

- Marcel Proust
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Con tributions

Below are what we considerthe major contributions of this work:

² We have designedand implemented an intraoperative stereovision (iSV) system

capableof estimating the shape of the cortical surface. Someadvantagesof this

approach are:

1. The systemutilizes the binocular optics the operating microscope.

2. The systemacquiresthe stereoimagesat 15 pairs per second.

3. We have selectedand implemented three matching constraints that have re-

liably solved the correspondenceproblem of stereopsisfor the reconstruction

of the cortical surface.

4. The reconstruction of the cortical shape from an image pair takes lessthan

60 secondson a 1.2 GHz PC.

5. Through multiple experiments, wehave found that the iSV systemis accurate

to within approximately 1mm.

² Basedon the estimatesof the 3-D cortical shape over time, the systemtracks the

cortical surfacedisplacement.

1. The tracking of the cortical surfacedoesnot interrupt the surgery.

2. A variety of cortical motions, including soft tissuedeformation, tissueretrac-

tion and resection,and the cortical pulsation, have beenrecovered.

3. The tracking accuracy using the iSV system is comparable to that of an

optical stylus.

² Under the guidanceof the cortical motion, a poroelastic brain model predicts the

full volume deformation, which is then usedto update the preoperative MR.
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1. Based on data from representativ e clinical cases,we show that stereopsis

guidanceimprovesthe accuracyof brain shift compensationboth at andbelow

the cortical surface.

2. The versatility of the iSV systemmay aid the brain model to compensatefor

more complextissuedeformation occurring during retraction and resection.

² We have implemented and tested all the proposedstepsas a completeend-to-end

system.
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Chapter 1

In tro duction

The valueof medicalimagesin providing navigational guidanceduring surgicalinterven-

tions was recognizedimmediately after the techniquesof generatingtheseimageswere

invented. Less than three months after the discovery of x-rays, a bromide print was

usedto aid the surgical removal of a needlefrom a woman's hand [93]. The advent of

advancedimaging modalities such as magnetic resonance(MR) and computed tomog-

raphy (CT) imaging has dramatically enhancedthe safety and e®ectivenessof surgical

procedures. Imagesgeneratedfrom these techniquesprovide a detailed description of

the patient's anatomy and can be usedas a surgical atlas. The goal is to make surgical

proceduressafer, lessinvasive, and more e®ective.

We know from experiencethat, in order to utilize a map, one needsto establish a

correlation between the map and the physical spacethrough which one tries to navi-

gate. A publicly displayed map at an international airport or a crowded shoppingmall

clearly points out the location of its readerson the map (\YOU ARE HERE!"). This

information, alongwith other usefulcuessuch asknowing the direction of north both in

the physical spaceand on the map, helps to correlate the map and the physical space.

Basedon this correlation, travellers utilize the map to guide their journey. In order to

usemedical imagesto guide a surgery, a similar correspondencebetweentheseimages
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and the patient in the operating room (OR) needsto be established. With this corre-

spondence,the position of a surgical target (e.g., a tumor or a herniation in the spine),

clearly visible in the MR/CT images,can be more easily visualized by the surgeonin

the OR. A suitable surgical tra jectory leading to the target is then planned.

1.1 Image-guided Neurosurgery

1.1.1 Curren t Implemen tations

In neurosurgery, MR imagesof the patient's head acquired prior to the procedureare

commonly used as the atlas to help surgeonsnavigate. In order to establish image

guidance,the coordinate systemof the preoperativeMR (pMR) volumeis rigid ly rotated

and translated to align with the coordinate system of the patient in the OR. Under

homogeneouscoordinates 1, this transformation takesthe form:
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where a point in the preoperative image volume, (X P ; YP ; ZP ), is related to a point in

the world coordinate, (X W ; YW ; ZW ), through the 3 £ 3 rigid-body rotation matrix, R
1Note that by using homogeneouscoordinates, rotation and translation can be performed by multi-

plying with a singletransformation matrix; that is, a rotation in the homogeneous4-D spaceis equivalent

to a rotation and translation in the underlying 3-D space.
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(generatedfrom 3 Euler angles,roll, pitch, and yaw), and the 3£ 1 translation vector, T.

R and T are embodied into the single4£ 4 matrix W TP , which relatesthe preoperative

image frame with the world coordinate frame. Whereasthe preoperative coordinate

frame is de¯ned by the imagevoxel grid, the world coordinate frame is usually de¯ned

by a 3-D positioning deviceusedto track the position of the patient and surgicaldevices

in the OR.

This transformation betweenthe two coordinate systems,W TP , is computed based

on the locations of a set of features both in the image volume and in the OR. The

commonlyusedfeaturesfor patient registration arescalp-attached ¯ducials, asshown in

Figure 1.1(a). They are constructedof materials that will appear hyperintenseon MR

imaging so that they will be readily visible on preoperative imaging studies.

Given the position of n points in the world (X W i ; YW i ; ZW i ); 1 · i · n) and their

coordinates in the pMR volume (X P i ; YP i ; ZP i ); 1 · i · n), W TP can be determinedby

solving the following equation using standard linear algebra:
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The processof obtaining the transformation betweenthe pMR volumeand the world

coordinates is often referred to as registration. Here, we use the term registration to

describe the establishment of a spatial correspondencebetweenpreoperative imagesand

a physical space,i.e., the OR. As we will seelater, the term registration can alsomean

aligning di®erent medical imagesor aligning imageswith a computational model. To

avoid confusion, we refer to the processof aligning the preoperative imageswith the

patient in the OR as patient registration.

The estimated transformation expressedby Equation (1.1) allows any point in the
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surgical¯eld to be viewed in the context of patient anatomy, which is represented by the

preoperative images.An exampleof the proceduralprocessand outcomeof establishing

the correspondencebetween the operating ¯eld and the pMR is shown in Figure 1.1.

Since the coordinate system in the OR is de¯ned by the positioning system capable

of tracking other surgical tools, registration can be expandedto include other surgical

devicessuch as an operating microscope.

1.1.2 The Stereoscopic Op erating Microscop e

Sinceits introduction in 1962[39], the stereoscopicoperating microscope has beenan

integral part of a neurosurgicalOR. Surgeonsusethe microscope to locatecortical struc-

tures and deeper featuresexposedduring operation. As an extensionof neurosurgical

image-guidance,an operating microscopecanalsobeemployedto assistthe surgicalnav-

igation. For example,at Dartmouth-Hitc hcock Medical Center, a stereoscopicoperating

microscope (Model M695, Leica USA, Rockleigh NJ) is ceiling-mounted on a robotic

platform, as shown in Figure 1.2. The microscope is continuously tracked by a posi-

tioning device(Polaris System,Northern Digital Inc. Ontario, CANADA) that employs

infrared sensors.Focusingof the microscope is accomplishedby aligning two laserbeams

propagatedthrough each of the binocular paths of the microscope and which converge

at the focal point. Through the transformation establishedduring patient registration,

this focal point can be viewed in the context of 3-D and patient-speci¯c imagestudies.

In Figure 1.1(c), the location of the focal point is depictedas the crosshairsin sagittal,

axial, and tra jectory views. By registeringan important element of the surgeon'svisual

¯eld with the preoperative images,the navigational systemo®ersmore direct assistance

to the surgeonin selectionof the tra jectory through or around cerebralstructures.

Although it is an important element of the surgeon'sview through the operating mi-

croscope, the focal point is insu±cient to accuratelyconvey the geometricalrelationship

betweenthe current surgicalsceneand the patient's anatomy. It is desirableto establish

4



(a) (b)

(c)

Figure 1.1: Pictorial description of image-guidedsurgery: (a) ¯ducials (arrows) are
attached to a patient's scalp to correlate the patient's surfaceanatomy with the pre-
operatively obtained image data set; (b) these ¯ducials are localized in the OR prior
to surgery. (c) After patient registration, three-dimensional reconstruction, sagittal,
axial, and tra jectory views demonstrate a left parieto-occipital tumor. This display
aids surgical planning.
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Figure 1.2: Stereoscopicoperating microscope ceiling-mounted on a robotic platform.
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an accurate correspondencebetween the surgeon'sview through the operating micro-

scope and the pre-operative 3-D MR data. The registration betweenpreoperative data

and the real-time microscope image allows the surgeonto accessa surgical locus deep

in the brain parenchyma. Projections calculated from 3-D pre-operative data can be

overlaid with corresponding microscope views. Such imageoverlays ensurethe surgeon

a more accuratesurgical tra jectory.

In as early as 1985, Roberts et al. used an ultrasonic ranger-¯nder to track the

operating microscope and displayed CT imagedata with the co-registeredsurgicalscene

in the correct perspective without requiring a stereotactic frame [71]. In their work on

microscope-assistedguided interventions (MA GI), Edwards et al. carefully calibrated

the imaging parametersof the microscope optics and experimented with injecting the

projection of anatomical landmarks from the preoperative scansto both eyepieces[18].

The details of the implementation of this systemwill be discussedfurther in Chapter 2.

Sofar, the neuro-navigational systemsdiscussedhereare basedon rigid registration,

where any two coordinate systemsare related to each other through a rotation and a

translation. With rigid registration betweenthe preoperative images,the patient coor-

dinate system,and even the 2-D surgical sceneunder the microscope, the preoperative

imageshelp the surgeonplan the surgical tra jectory, evaluate the extent of a lesion,and

avoid critical brain structures. However, it is well recognizedthat brain tissuedeforms

non-rigidly during surgery. Neuro-navigational systemsbasedsolelyon rigid registration

are subject to errors due to brain deformation.

1.2 Brain Deformation

There are several factors that causethe brain to deform during open-cranial surgery.

Parenchymal deformation can take placefrom the drainageof cerebrospinal°uid (CSF)

which reducesthe buoyancy forcesacting on the brain. Hyperosmotic drugs such as

7



Figure 1.3: The cortical surface of the same patient viewed through the operating
microscope immediately after the opening of the dura (left) and during the tissue
retraction (right). Note the signi¯cant tissue deformation induced by the retractor
blade.

mannitol can also causeshift by pulling °uid from the parenchyma and thus reducing

brain volume. Brain motion can also result from tissue retraction and resectionor the

drainage of a cystic lesion. An example of brain deformation during neurosurgeryis

shown in Figure 1.3.

Many groupshave investigatedbrain shift and the resulting compromisein accuracy

of registration betweenpatient and guidancesystem[85, 10,38,67, 36, 72, 57, 76, 35,32].

Here, a few examplesof thesestudiesare given to show the generalmagnitude of these

tissue motions. Let us begin at the cortical surface. Hill et al. employed intraoper-

ative functional mapping to measurethe post dura-removal location of approximately

60 cortical points in 21 cases,and comparedthem to their position in the preopera-

tiv e images,reporting meandisplacements of 4.4-5.6mmin the direction corresponding

to gravit y [36]. Through tracking the cortical vasculatureusing the focal point of the

operating microscope, Roberts et al. measureda 1cm mean surfacedisplacement, also

dominantly in the direction of gravit y [72]. Subsurfaceshift has been quanti¯ed in a

study of ten casesby Dickhauset al. [15] usingan openMRI (0.2 Tesla). They measured

a 6-7mm displacement for internal structures, namely the interhemispheric¯ssure and

ventricles, as well as up to 2cm shift on the brain surface.Maurer et al. [57] completed

8



a qualitativ e study of intraoperative deformation in six casesusing interventional MR

(1.5 Tesla), noting that changesin ventricular volume greater than 1ml can indicate

the occurrenceof deformation. From thesestudies, we can seethat brain shift causes

signi¯cant changesin a patient's anatomy during open-cranial surgery. Thesechanges

may result in an error up to a few centimeters in registration betweenthe patient's brain

in the OR and its pMR images. This error in misregistration is incongruent with the

goal of image-guidedneurosurgery, i.e., to accurately target the surgical focus and at

the sametime avoid any critical brain structure. To compensatefor brain shift, the

preoperative images,which are static and cannot re°ect tissue changesduring surgery,

needto be updated.

1.3 Brain Shift Comp ensation

As stated in the previoussection,in order to maintain the ¯delit y betweenthe patient's

dynamic anatomy and its image presentation, the static preoperative scan needsto

be updated. An attractiv e method for updating preoperative imagesis to image the

full brain volume using intraoperative MRI (iMRI) or intraoperative CT (iCT) [96,

87, 8, 37, 86, 31]. These imaging deviceso®er multiplanal, high resolution volume

data for accuratede¯nition of most boundariesof tumor, vesselsand heterogenictissue

structures during surgery. They are also helpful in monitoring potential intraoperative

complications[8]. Despite theseadvantages,iMRI/iCT imposesigni¯cant ¯nancial and

logistical constraints. In addition, updates can only be obtained a few times during a

casebecausethe imaging processis lengthy and interrupts the surgery.

An alternative method for providing a full volume imageupdate is to usecomputa-

tional models to predict brain deformation. The goal of brain modeling is to producea

displacement ¯eld over the patient's brain that accurately represents the current defor-

mation in the operating room (OR). This vector ¯eld providesa non-rigid transformation

that relatesthe preoperative imagedata with the patient anatomy during surgery, and
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hence,can be usedto update the pMR volume. Typical brain deformation modelscom-

bine the bio-mechanical propertiesof the brain and boundary and volumetric conditions

to predict this displacement ¯eld. Proposedbio-mechanical models of the brain utilize

solid linear elastic [24, 75], solid nonlinearelastic [13], linear viscoelastic [62], or biphasic

elastic equations[64, 29, 17]. Boundary and volumetric conditions include the direction

of gravit y, intracranial pressure,the location and size of the craniotomy, the level of

cerebralspinal °uids, and the constraint of the rigid skull.

Comparedto iMRI/iCT, brain deformation models provide an inexpensive and sig-

ni¯cantly lessintrusive meansto compensatefor soft tissuedeformation during image-

guided neurosurgery. But this approach to brain shift compensationfacesseveral chal-

lenges. First, recent reports have indicted that the pattern of brain shift is complex.

Hartkenset al., using an iMRI, have determined that the direction of gravit y alone is

unreliable in predicting brain shift [33]. The direction of shift is likely to be a result

of a complex interplay betweengravit y, the condition of the current surgical ¯eld (e.g.,

resectedregion), °uid pressure,and other forces.Given the complextissuedeformation

pattern, brain modelsthat makeuseof very limited intraoperative information (e.g., just

the direction of gravit y) are unlikely to accurately predict the full volume deformation.

Another challengefacing brain modeling lies in the uncertainties amongmodel pa-

rameters. Model parameters include the mechanical properties of the brain and the

boundary and volumetric forcing conditions under which the model is deployed. Lim-

ited work has been done to test mechanical properties in vivo and quanti¯ed results

vary signi¯cantly [61, 4, 63, 92, 20]. The valueswe employed for our brain model are

basedon reports in the literature, aswell as thosededucedthrough optimization in our

own experiments [61]. The brain material properties may in fact vary among patients

due to di®erencesin age and tissue pathology and our parametersdo not re°ect this

variabilit y. The uncertainty in the boundary and volumetric forcing conditions arise

from the di±cult y in estimating these conditions in the OR. For example, although

point-basedsensingdevicesare available to measurethe intracranial pressure,accurate
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full-volume pressuredata is di±cult to obtain; The level of CSF inside the cranium is

usually assignedqualitativ ely basedon the patient's position in the OR.

The complexity of brain deformation patterns and uncertainty in model parameters

posechallengesfor brain modelsto accuratelypredict the full volumedisplacement ¯eld.

Several groupshave proposedthat the accuracyof thesemodelscan be improved when

measurements of brain motion acquired during surgery are used to guide the model

estimates[1, 24, 75, 49, 80].

1.4 In traop erativ e Data

Imaging modalities usedfor measuringbrain deformation in the operating room (OR)

include iMRI [56, 7, 28, 30, 73, 96], iCT [52], and intraoperative ultrasound (iUS) [49,

12, 9, 41, 44,90]. In an attempt to reducethe amount of intraoperative imaging, Ferrant

et al. have combined a linear elasticbrain model with MR-estimated motions of cortical

surfaceand lateral ventricles to predict tissue motions at other parts of the brain [24].

Although iMRI o®ersrich intraoperative data, as stated earlier, its high cost and strin-

gent implementation requirements hinder its acceptance. Intraoperative ultrasound is

considerablylesscumbersomein the OR and is gradually becomingacceptedasan alter-

native to iMRI/iCT. Unsgaardet al. demonstratedthat iUS wascapableof successfully

localizing brain lesionsin 112 out of 114 clinical cases[90]. By tracking 1mm metal

beadsduring their porcine studies [51], Lunn et al. showed that a co-registerediUS

hasa meantarget localization error of 1.5mmand a meanvector error for displacement

of 1:1mm. Despite theseencouragingresults, iUS still facessomechallengeswhen em-

ployed to track structures in the brain. First, spatial and temporal variation in image

quality limits its abilit y to identify homologousfeatures in the brain for tracking pur-

poses.Second,iUS requirestissuecontact for imaging, which may induce further brain

deformation and hencecompromisetracking accuracy.
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The underlying goal of these techniques is to acquire intraoperative data to guide

brain deformation models. Along theselines, but in contrast to thesemethods, several

groupshave employed non-contacting techniquesfor estimating the 3-D cortical topol-

ogy. For example, in their phantom studies, Audette et al. [1] useda commercial3-D

laser range sensorto scan the cortical surfaceand proposedto use surfacemotion to

guidea brain model. Miga et al. employed a similar scannerto digitize cortical features

which were usedto register the patient in the OR with the pMR volume [60]. Accord-

ing to their experience,it took approximately 1:5 minutes to scanthe exposedcortical

surface. Skrinjar et al. utilized a pair of stereocamerasto guide their bio-mechanical

brain model [77]. In order to avoid the stereocorrespondenceproblem, they coupled

the topological reconstruction with their brain model. As a result, only estimatesthat

satis¯ed the model were produced. Becauseof a limited cameracalibration and a re-

strictiv e Lambertian assumption, the accuracyof estimating the shape of the cortical

surfaceusing their method hasnot beenfully evaluated.

1.5 Prop osed Solutions

So far, we have seenthat the conventional neuro-navigational system basedon rigid

registration is subject to inaccuraciescausedby brain deformations. Factors that cause

such deformationsincludegravit y, drug administration, lossof cerebrospinal°uid (CSF),

and tissueretraction and removal. As a result of thesechanges,imagestudiesacquired

prior to surgeryareno longeran accuraterepresentation of the patient's anatomy during

surgery. Strategiesto update the static preoperative imagesinclude full-volume intra-

operative scanningtechniquessuch as iMRI/iCT and computational brain models that

develop estimatesof the full volume deformation. Using computational models to com-

pensatefor brain shift is attractiv e becauseof its low cost and someinitial successhas

beenreported by several groupsusing this strategy [13, 24, 29, 46, 61, 64, 91]. Although

brain deformation models o®eran inexpensive alternative, but their accuracywarrants
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concernsdue to the complexity of tissue motion and the uncertainty in model param-

eters. To contend with these challenges,we have designedand implemented a brain

shift compensationsystemthat usesintraoperatively measuredbrain motions to guide

a brain model for updating the pMR image [81, 80, 83, 82]. Our goal is to create an

a®ordableand accurate solution to brain deformation compensation for incorporation

into neuro-navigational image-guidancesystem.

This system is basedon both rigid and non-rigid registrations. Rigid registrations

provide transformations betweenall the coordinate systems,such as the pMR volume,

the patient in the OR, and the operating microscope¯eld of view. Non-rigid registrations

consistof the estimation of the cortical motion, brain modeling and the pMR update.

Central to this systemis the estimation of brain motion during surgery. Similarly to

the studies using laser range scannersand stereovision, we have also designeda non-

contacting strategy that measuresthe 3-D cortical topology using stereovision (SV).

Our SV system is incorporated into the standard stereoscopicoperating microscope.

Our decisionto utilize the stereoscopicoperating microscope for the estimation of the

cortical motion is basedon the following considerations:

1. The conventional operating microscope is readily available in most neurosurgical

suites, therefore,the systemdoesnot require a new imaging device.

2. The coordinate systemsof the microscope and its imageplane are registeredwith

the patient in the OR and the preoperative image volume (Section 1.1.2). This

registration o®ersconveniencein surface tracking and data assimilation in the

brain model.

3. The microscope is equipped with binocular optics. By attaching a pair of CCD

camerasto the optics, we can perform stereopsis.

4. Stereopsisis an attractiv e strategy for estimating the shape of the cortical surface

becauseit requiresno tissuecontact and doesnot interrupt the surgery.
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1. camera 2. stereopsis 3. cortical
calibration trac king

5. pMR up date 4. brain mo del

Figure 1.4: Flow diagram illustrating the steps in stereopsis-guidedbrain shift com-
pensation.

Basedon estimatesof the 3-D cortical shape over time, the systemtracks the cortical

surface displacement. Under guidance from the cortical motion, a poroelastic brain

model predicts the full volumedeformation, which is then usedto update the pMR. We

have implemented and testedall of the proposedstepsasa completeend-to-endsystem.

Next, we will give an overview of this systemwhich consistsof several stepsleading

toward our goal of updating pMR during surgery. The methodology developed in this

thesis combines the rigid image-guidedtechniques, stereopsis,with a nonrigid brain

model to correct for intraoperative brain movement. We begin by presenting the steps

involved in stereopsis-guidedbrain shift compensation. As depicted in Figure 1.4, our

technique involves¯v e basicsteps:

1. perform the systemcalibration to register the preoperative imagevolumewith the

patient in the OR and the 2-D microscope images,

2. estimate the shape of the 3-D cortical surfaceusing stereopsis,
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3. estimate the displacement of the 3-D cortical surfaceover time,

4. incorporate the estimated motion of the cortical surface into a computational

model to producea full volume description of brain deformations,

5. and ¯nally , update the pMR images.

These¯v e stepsutilize both rigid and nonrigid registration strategiesintroduced in

the previous sections. Step 1 employs rigid registration to establish the conventional

image-guidedneurosurgery. Steps2 and 3 estimate intraoperative data through intra-

operative imaging. Steps4-5 employ nonrigid registration to update the pMR volume.

As we will seelater, the rigid registration step servesas the basisfor non-rigid registra-

tion steps. In the next ¯v e chapters, each of the ¯v e stepswill be discussedin detail.

In each chapter, methods utilized in the corresponding step are ¯rst presented and then

followed by the relevant results.
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Chapter 2

Rigid Registration

In this chapter, we describe the stepsrequired to implement conventional Microscope-

basedImage-guidedNeurosurgery. Most of this work hasbeendiscussedin [79]. The im-

ageguidanceemployedhereis basedsolelyon rigid registration. To establishMicroscope-

basedImage-guidedNeurosurgery, the following three stepsare required: a rigid-body

registration betweenthe preoperative and OR spaces,calibration of the microscope op-

tics, and tracking the patient and microscope throughout the surgery. Thesethree steps

establisha seriesof coordinate transformationsasshown in Figure 2.1. In this ¯gure the

common(world) coordinate systemis given by the Polaris, an optical 3-D positioning

system 1. The ¯nal overall transformation from the preoperative data 2 to the real-

time microscope image is determined through a seriesof coordinate transformations:

(1) the transformation from 3-D microscope frame to 2-D microscope imageis denoted

as I TM
3; (2) the transformation from world to 3-D microscope frame is denoted as

1Hybrid Polaris, Northern Digital, Waterloo, Ontario.
2Prior to surgery, a standard volumetric MRI (t ypically a 256£ 256£ 124matrix with the voxel size

0:97£ 0:97£ 1:5mm3) is obtained for the patient using 1.5 TeslaGE MR scanner.
3In order to preserve the linearit y of all transformations, we useonly the pinhole perspective projec-

tion to describe the imaging process.The full cameramodel which includesthe nonlinear lensdistortion

compensation will be presented in the later section.
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Figure 2.1: Coordinate transformations from the 3-D pre-operative data to the real-
time 2-D microscope image.

M TW ; (3) the transformation from patient to world is denotedas W TP ; (4) and ¯nally ,

the pre-operative imageto patient transformation is symbolized as P TD . The complete

transformation is simply a concatenationof individual transformations:

~q =
³

I TM
M TW

W TP
P TD

´
~Q; (2.1)

where ~Q is a point in the 3-D pre-operative coordinate spaceand ~q is the samepoint in

the 2-D real-time microscope imagecoordinate system. We next describe the procedure

of systemcalibration for obtaining each of the four transformations in Equation (2.1).

From left to right in this equation,our discussionbeginswith imaging parameters,I TM .
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2.1 Imaging Parameters: I TM and others

The calibration of imaging parametersis not only important for registering the preop-

erative data with the 2-D microscope imagebut also,aswe will seelater, crucial for the

implementation of stereopsis.The processof imageformation correspondsa ray of points

in the sceneto a pixel in the imageplane. Prior to surgery, a pair of stereocamerasare

calibrated to obtain their intrinsic and extrinsic parametersusing the method developed

by Tsai [89]. Theseparametersare usedto relate the points in the sceneto the pixels

in the imageplane. Other calibration methods can alsobe employed. For example,the

orthocenter property and the calibration of the image center through vanishing points

by Caprile and Torre [11], direct calibration of the projection matrix described by serval

groupsincluding Faugerasand Toscani[22], and a method for calibrating a stereosystem

from arbitrary stereoimagesdeveloped by Thacker and Mayhew [84]. We chooseTsai's

method to calibrate the microscope optics due to its relatively simplecameramodel and

its accuracyin capturing the imageformation process.

Shown in Figure 2.2 is our operating microscope with two CCD cameras4 optically

coupled. The operating microscope is tracked throughout the surgery using infrared

emitting diodes(dashedarrow). We beginby presenting the cameramodel employed by

Tsai's cameracalibration strategy.

2.1.1 Camera Mo del

The schematic drawing of the pinhole cameramodel followed by lensdistortion compen-

sation is shown in Figure 2.3. In order to determinethe 2-D imagecoordinatesof a point

speci¯ed by its 3-D position in a world coordinate system, a seriesof transformations

and projections must be performed:

1. rigid body transformation from world coordinates(X ; Y; Z ) to cameracoordinates

4Sony DFW-x700, Resolution 1024(H ) £ 768(V ), Sony Corp., New York, NY, USA
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Figure 2.2: Two CCD cameras(solid arrows) have been attached to the binocular
optics of the operating microscope. The intrinsic and extrinsic cameraparametersare
calibrated prior to surgery using the calibration target shown in the lower right. The
operating microscope is tracked throughout the surgery using infrared emitting diodes
(dashedarrow).

(X c; Yc; Zc)

2. perspective projection from cameracoordinates (X c; Yc; Zc) to undistorted sensor

coordinates (x; y)

3. adjustment from undistorted sensorcoordinates (x; y) to distorted sensorcoordi-

nates(xd; xd)

4. unit conversion(mm to pixels) from distorted sensorcoordinates(xd; xd) to image

coordinates (x f ; yf )

The individual transformations and projections between each of these coordinate

systemsare given below.
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Figure 2.3: Camera Model: perspective projection and lens distortion.

1. The transformation from world coordinates(X ; Y; Z ) to cameracoordinates(X c; Yc; Zc)

in homogeneouscoordinates is:
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wherethe rotation matrix, R, (generatedfrom 3 Euler angles,roll, pitch, and yaw)

and the translation matrix, T, are given by:
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: (2.3)

The world coordinate framefor cameracalibration canbearbitrarily de¯ned. Dur-

ing a surgical procedure, the microscope is moving through a ceiling-mounted

robotic arm (Surgiscope, Elekta AB, Stockholm), as shown in Figure 1.2. In or-

der to avoid updating the cameraparametersupon movement of the microscope,
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we choosea coordinate frame which is rigidly attached to the microscope as the

world coordinate frame for cameracalibration. This coordinate systemis de¯ned

by an optical tracker consistingof infrared emitting diodestracked by the Polaris

system,as indicated by the dotted arrow in Figure 2.2. Note that this world coor-

dinate systemis not the sameas the world coordinate frame in Figure 2.1, which

is de¯ned by the Polaris.

2. Undistorted sensorcoordinates(x; y) arecomputedfrom cameracoordinates(X c; Yc; Zc)

using the following equations:

x =
f X c

Zc
and y =

f Yc

Zc
; (2.4)

wheref is the camerafocal length 5.

So far, steps 1 and 2 constitute the simple pinhole camera model. Under this

model, a point in the world coordinates,(X ; Y; Z ), is projected onto a point in the

2-D imaging plane, (x; y). Combining equations2.2 and 2.4, we have :
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where the projected image coordinates are (x; y) = (xs=s;ys=s). The intrinsic

cameraparametersare the focal length, f , and the extrinsic parametersare the

3 £ 3 rigid-body rotation matrix, R, and the 3 £ 1 translation vector, T. All of
5The focal length of the lens is the distance from the lens where the image of an object that is

in¯nitely far away is focused.

21



theseparametersare embodied into the single3 £ 4 matrix P, referred to as the

perspective projection matrix (PPM). I TM in Equation (2.1) is a PPM.

Next, weapply the radial distortion model and then represent the processby which

digital imagesare actually formed (i.e., the conversion of the sensorcoordinates

to the ¯nal imagecoordinates).

3. The conversionof undistorted sensorcoordinates(x; y) to distorted sensorcoordi-

nates(xd; yd) takesthe form:

xd = x ¡ xd(· 1r 2 + · 2r 4 + ::: + · n r 2n )

yd = y ¡ yd(· 1r 2 + · 2r 4 + ::: + · n r 2n ); (2.6)

wherer =
q

x2
d + y2

d and (· 1; · 2; :::; · n ) are the lensdistortion parameters.

We have found that a ¯rst-order model is su±cient to compensatefor lensdistor-

tion in our case.Equation (2.6) is then simpli¯ed to:

xd = x ¡ ·x dr 2 and yd = y ¡ ·y dr 2; (2.7)

where· is the lensdistortion coe±cient and r =
q

x2
d + y2

d.

4. The conversionof distorted sensorcoordinates(xd; yd) to imagecoordinates(x f ; yf )

takesthe form:

x f = Sx
N f x

Ncxdx
xd + Cx

yf =
1
dy

xd + Cy; (2.8)

where N f x is the number of pixels in a line sampleby the computer; Ncx is the

number of sensorelements in the X direction; dx and dy are the center to center

distance between adjacent sensorelements in X and Y directions, respectively;

(these parametersmay be obtained from the manufacturer supplied cameraand

framegrabber speci¯cations); Sx is a scalefactor arising from digitizer-to-computer

memory translation and (Cx ; Cy) is the imagecenter.
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Table 2.1: Camera parameters to be calibrated
parameter description
intrinsic

f focal length
· lensdistortion coe±cient
Sx non-squarepixel scalar

Cx ; Cy cameracenter
extrinsic

R(µx ; µy; µz) rigid-body rotation
T(tx ; ty; tz) rigid-body translation

Note that wenow havea cameramodel that projectsa point in the world to its image

coordinates, the next step is to determine (i.e., calibrate) several unknown parameters

amongthe equationspresented above. In particular, the extrinsic cameraparametersto

be calibrated are the rotation and translation matrices (R; T) and the intrinsic param-

etersare the focal length (f ), lens distortion coe±cient · , scalefactor (Sx ), and image

center (Cx ; Cy). Theseparametersare listed in Table 2.1.

2.1.2 Camera Calibration

Principles

Equations(2.2) - (2.8) specify how to project from world to imagecoordinatesassuming

perspective projection and a radial lens distortion model. As noted, the extrinsic and

intrinsic cameraparametersneedto be calibrated in order to perform such a projection.

Sincethe cameraparametersconsistof 11 unknowns(i.e., 3 rotation angles(µx ; µy; µz), 3

translation components (tx ; ty; tz), the focal length (f ), the lensdistortion parameter(· 1;

assuminga ¯rst-order approximation), the scalefactor (Sx ), and the 2 components of the

image center (Cx ; Cy)), 11 equationswith known world and image coordinates should

be su±cient to solve for the 11 cameraparameters. The transformation from world to

imagecoordinatescan be expressed,in homogeneouscoordinates,as:
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where the projected image coordinates are (x f ; yf ) = (xs=s;ys=s). Note that matrix

B is the rigid body transformation matrix (Equation (2.2)) and matrix A incorporates

the perspective projection from camerato sensorcoordinates (Equation (2.4) and the

transformation from sensorto imagecoordinates (Equation (2.8)). For exposition, the

lensdistortion parameters(· 1; · 2; :::; · n ) areassumedto be zero. This restriction will be

relaxedlater whenthe full calibration procedureis presented. The extrinsic and intrinsic

cameraparameterscan be solved for by setting up a set of at least 10 equationsof the

form in Equation (2.9):
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Given the position of n points in the world (X i ; Yi ; Z i ); 1 · i · n) and in image

coordinates (x i ; yi ; 1 · i · n), the camera parameters can be determined within a

scale factor, using standard linear algebra. The scalefactor is s in the left hand side

of Equation (2.9). This scalefactor comesfrom the non-linear perspective projection

equations,x = f X
Z , that is, for a ¯xed x imagecoordinate and a ¯xed X world coordinate,

there exist several solutions for f and Z which satisfy x = f X
Z . This non-linearity

and the added non-linearity of a radial lens distortion model complicatesthe camera

calibration procedure. In particular, in addition to solving linear equations,a non-linear
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optimization (e.g., gradient descent) on the focal length f , translation component t z,

and lens distortion parameters, (· 1; · 2; :::; · n ) is neededin order to recover the exact

cameraparameters.

Pro cedure

In the previous section, we have shown that a set of at least 11 points with known

world and image coordinates is neededin order to determine a camera'sextrinsic and

intrinsic parameters.The points in world coordinatescanbecoplanar(i.e., lie in a single

plane) or non-coplanar(i.e., lie in several planes). Accordingly, asoutlined by Tsai [89],

there are two forms of calibration. Sincenon-coplanarcalibration yields considerably

more accurateresults than coplanar calibration, we have decidedto perform this form

of calibration.

In order to estimatethe intrinsic and extrinsic parameterswe ¯rst manufactured a 3-

D calibration target with 108¯ducial markershaving known relative positions,asshown

in Figure 2.4. This target is placedin the microscope¯eld of view, asshown in Figure 2.2,

and an image is digitized from each cameraof the stereo pair. The centroid of each

calibration marker is automatically estimatedand its spatial coordinates,(x f ; yf ), along

with its known 3-D positions,(X ; Y; Z ) arerecorded.Theseimageand world coordinates

are then used to estimate each camera'sintrinsic and extrinsic parameters[95]. The

details of how to compute theseparameterscan be found in Appendix A.

Although each camerais independently calibrated, they are all rigidly attached and

calibrated to a common world coordinate system, therefore the camera positions are

known relative to oneanother. As we will seelater, this pairwisecalibration strategy is

important for computing stereocorrespondence.

Having obtained I TM in Equation (2.1) and other necessarycameraparameters,we

now describe the calibration of the next transformation matrix M TW :
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Figure 2.4: The calibration target with the attached infrared re°ecting beads for
localization of the target in the world coordinate referenceframe.

2.2 Microscop e Tracking: M TW

As we have mentioned in the previous section, the microscope is moving through a

ceiling-mounted robotic arm to accommodate the surgical needsduring a procedure.

Camera calibration is performed with respect to a coordinate system de¯ned by an

optical tracker which is rigidly attached to the microscope. The optical tracker consists

of infrared emitting diodes (IRED), as indicated by arrows in Figure 2.5. Through

tracking thesemarkers, the Polaris recordsthe current position and orientation of the

microscope with respect to the true world coordinate system de¯ned by the Polaris.

Thesedata are usedto construct the matrix M TW in Equation (2.1), which relates the

coordinate systemof cameracalibration with the true world coordinate systemde¯ned

by the Polaris.
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2.3 Patien t Tracking and Registration: WTP and PTD

The ¯nal calibration steprequiresa link betweenthe patient and world and alsobetween

the patient and 3-D pre-operative data to be established.In studiesconductedby other

groups (e.g., [18, 55, 94]), bone-implanted markers were used to register and/or re-

register the patient to the pre-operative data. As stated in Section1.1, we attach small

¯ducials to the patient's scalp in order to minimize the invasivenessto the patient.

Thesepoints are localizedin the preoperative data spaceand on the patient's headprior

to surgery [25]. From these corresponding points, the transformation matrix P TD is

estimatedusing Equation (1.2) [34].

The position of the patient with respect to the world systemis determinedby tracking

(throughout the surgery) the location of IREDs rigidly attached to the patient's head

clamp. A patient tracker consisting of 4 IREDs is shown in Figure 2.5. As with the

tracking of the microscope, the tracking of the patient's head clamp provides the ¯nal

transformation matrix W TP .

This completesthe estimations of all the transformations in Equation (2.1) needed

to facilitate the projection of a 3-D point in the preoperative image volume to the 2-

D microscope image plane. After the projection calculation, a lens distortion model

and a digital image conversion are applied to obtain the desired2-D pixel coordinate.

Thesestepsestablishthe non-invertible rigid registration betweenthe 3-D preoperative

volumetric data and the 2-D microscope image plane. With this registration, useful

information from preoperative imagescanbepresented to the surgeon.Next, wedescribe

someimagedisplay strategies.
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Figure 2.5: The tracking device which consistsof infrared emitting diodes (IREDs,
arrows) has been rigidly attached to the microscope for monitoring its location and
orientation, and to the patient head clamp for updating the patient position with
respect to the world system.

2.4 Image Displa y

Weemploy two strategiesto overlay the information from the preoperative imagevolume

with the current surgical scene.

1. Segmented Feature Overlay. Salient featuressuch as cortical vesselsand tumors

can be segmented from pMR volume. The 3-D coordinates of thesefeaturescan

be projected onto the 2-D microscope images.

2. Plane Intersection Overlay. The secondstrategy avoids brain segmentation and

utilizes the focal plane of the operating microscope. As described earlier, we can

focus the microscope by aligning two laser beamsprojected through each of the
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Surgery Age (yr)/ Lesion/Pathology Location Procedure
No. Gender

1 27/F Ganglioglioneurocytoma Right Frontal Resection

2 55/F Metastatic carcinoma Left Frontal Resection

3 39/F Metastatic carcinoma Right Frontal Resection

Table 2.2: Patient Characteristics

binocular pathsof the microscopeand which convergeat the focal point. This focal

point and one optical ray (there are two optical rays due to stereo)determinesa

focal planein the surgical¯eld, which is perpendicularto the optical ray and passes

through the focal point. The samefocal plane can be formed in the coregistered

pMR volume. All pMR voxels on this focal plane can be projected and overlaid

with the microscope image of the current surgical scene. Another plane parallel

with the focal plane but located deeper within the brain can be formed and all

voxels associated with this plane can again be projected and overlaid with the

microscopeimage. The overlay of a deeper brain structure with the current surgical

scenehelps the surgeonevaluate the surgical tra jectory.

2.5 Results

The systemcalibration establishesthe rigid registration betweenthe 3-D pMR volume

and 2-D microscope images.This systemhasbeenimplemented by Rick et al. using the

Graphical User Interface(GUI) platform o®eredby MATLAB [68]. Three patient cases

arechosento illustrate the accuracyof this rigid registration. The patient characteristics

are listed in Table2.2. The microscope optics werecalibrated beforethe patients' arrival

in the OR. Figure 2.6 shows an exampleof the cameracalibration results. In this ¯gure,

an red point indicatesthe true position of a featurepoint and an blue opencircle denotes

its estimated location by projecting a centroid in the world coordinates to the image
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Table 2.3: Camera Calibration Errors for Surgery 1, 2, and 3
Mean (pixel) Max (pixel) Min (pixel)

Surgery 1
left 0.53 0.97 0.14
right 0.45 0.88 0.16
Surgery 2
left 0.27 0.54 0.11
right 0.21 0.33 0.09
Surgery 3
left 0.36 0.78 0.13
right 0.37 0.82 0.18

plane using the cameraparameters. To assessthe accuracy of these calibrations, we

comparedthe 2-D imagecoordinatesof the centroid of each calibration marker with the

estimated imagecoordinates. The RMS di®erencesbetweenthe true imagecoordinates

of thesecentroids and their projected coordinates are given in Table 2.3. Theseerror

valuesindicate that Tsai's cameramodel captures,with su±cient accuracy, the image

formation processby the microscope optics.

After the patient was anesthetizedin the OR, patient registration was performed.

Two metrics, Fiducial Registration Error and Target Registration Error, were usedto

quantify the registration accuracy[26]. Results from thesethree casesare presented in

Table 2.4. The valuesof FRE and TRE 6 in thesethree casesare comparableto results

reported by other groupsusing scalp-attached ¯ducials for patient registration.

We employed the ¯rst image display strategy, Segmented Feature Overlay, to dis-

play the coregisteredpMR volumewith the current surgicalsceneunder the microscope

during the ¯rst clinical case. Figure 2.7(a) shows the microscope imageof the surgical

¯eld. The cortical vasculature segmented from the patient's magnetic resonancean-

giogram (MRA) and the tumor boundary segmented from the T-1 pMR volume were

projected on the microscope image plane, as shown in Figure 2.7(b) and (c), respec-

tiv ely. Figure 2.7(d) contains a RGB imagewith the surgicalscene,cortical vasculature,
6The target for computing TRE was generally de¯ned in the vicinit y of the surgical locus in the

brain. In all three casesreported here, the target was a point in the tumor region.
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Figure 2.6: Shown are the camera calibration results of both left (top) and right
(bottom) cameras prior to surgery 1; open circles denote the true positions of the
centroids of all circular markers in 2-D images, and dots denote estimated positions
by projecting the 3-D locations of centroids to the 2-D image planesusing the camera
parameters.
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Table 2.4: Patient registration results for surgery 1, 2, 3
N um:of F idus F RE (mm) TRE (mm)

Surgery1 10 2.17 1.67
Surgery2 8 1.97 1.54
Surgery3 7 2.32 1.87

and segmented tumor boundary displayed through the red, green, and blue channels,

respectively.

We employed the secondimagedisplay strategy, Plane Intersection Overlay, to dis-

play the projection of the coregisteredpMR volume with the current surgical scene

during the secondand third clinical cases. During the secondsurgery, an image of

the surgical sceneunder the microscope was acquired right after the dural opening, as

shown in Figure 2.8(a). Using the secondimagedisplay technique, all the voxels in the

coregisteredMR volume intersectedby the focal plane were projected onto the image

plane, as shown in Figure 2.8(b) and overlaid with the current surgical scene,as shown

in Figure 2.8(c). Note that the curved cortical vesselaligned well in the overlay. With

the microscope in the sameposition, all the voxels in the MR volume intersectedby a

plane parallel with the focal plane but 8mm deeper into the brain were projected onto

the imageplane, as shown in Figure 2.8(e) and overlaid with the current surgical scene

, as presented in Figure 2.8(f). This overlay showed the relative position of the tumor

seenin the MR imagewith respect to the current surgical scene.

In the third surgery, an imageof the surgicalsceneunder the microscopewasacquired

right after the dural opening, as shown in Figure 2.9(a). All voxels in the coregistered

MR volume intersectedby the focal plane were again projected onto the image plane

(seeFigure 2.9(b)) and overlaid with the current surgicalscene(seeFigure 2.9(c)). Note

that the bifurcating cortical vesselaligned well in the overlay. With the microscope in

the sameposition, all the voxels in the MR volume intersectedby a plane parallel with

the focal plane but 16mm deeper into the brain were projected onto the image plane,

as shown in Figure 2.9(e), and overlaid with the current surgical scene,as presented in
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Figure 2.9(f). This overlay showed the relative position of the tumor seenin MR image

with respect to the current surgicalscene.The three casesshown heredemonstratedthe

navigational value of the registration between the 3-D pMR volume and 2-D surgical

scene.

Finally, while the calibration of this systemis relatively straightforward, a number

of factors conspireto corrupt the overall process. These factors include, for example,

motion of the microscope between calibration and surgery, the long duration of the

surgery (approximately 5 hours), or inadvertent jostling of the Polaris. An adaptive

procedureis neededto respond to accruingregistration error [79]. We have developed a

real-time correctionschemeto maintain the accuracyof the rigid registration throughout

surgery. Interestedreaderscan refer to Appendix B for details.
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(a) (b)

(c) (d)

Figure 2.7: Salient structures segmented from co-registeredMRA and MRI (surgery
1) wereprojected to microscope imageplanes: Image(a) is the surgical sceneunder the
microscope; image(b) is the projected imageof the segmented brain surfacevasculature
from a co-registeredphase-contrast MR angiogram; image (c) is the projected image
of all tumor boundariesoutlined in all slicesin the co-registeredpMR; the RGB image
(d) is the overlay of images (a), (b), and (c), in the red, green, and blue channels,
respectively.
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(a) (b) (c)

(d) (e) (f )

Figure 2.8: Shown in the ¯rst row are (a) the surgical scene(surgery 2), (b) the
projected MR voxels intersectedby the focal plane, and (c) the overlay of (a) and (b),
in greenand red, respectively; in the secondrow are (d) the samesurgical scene, (e) the
projected voxels intersected by a plane parallel with the focal plane but 8mm deeper
into the brain intersecting the tumor, and (f ) the overlay of (d) and (e).
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(a) (b) (c)

(d) (e) (f )

Figure 2.9: Shown in the ¯rst row are (a) the surgical scene(surgery 3), (b) the
projected MR voxels intersectedby the focal plane, and (c) the overlay of (a) and (b),
in greenand red, respectively; in the secondrow are (d) the samesurgical scene, (e) the
projected voxels intersectedby a plane parallel with the focal plane but 16mm deeper
into the brain intersecting the tumor, and (f ) the overlay of (d) and (e).
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Chapter 3

Stereopsis

Sofar, we have establishedthe rigid registration betweenthe 3-D pMR volumewith the

2-D microscope images.This registration is soon subject to inaccuracyafter craniotomy

due to soft tissue deformation. The next step is to use the stereoscopicmicroscope to

estimate the shape of the cortical surfaceduring surgery, and in doing so prepare to

track the cortical motion.

We are primarily interested in the implementation of a passive depth estimation

method known as stereopsis. This technique enablesus to infer information on the

3-D structure and distance of a scenefrom two or more imagestaken from di®erent

viewpoints. This is a depth estimation method with which we are all familiar, and

one can learn a great deal regarding the basic principles of a stereosystemthrough a

simple experiment. Hold one thumb at arm's length and closethe right and left eye

alternatively. What do you expect to see?With presumablylittle surpriseyou ¯nd that

the relative position of thumb and background appearsto change,depending on which

eye is open or closed.It is preciselythis di®erencein retinal location that is usedby the

brain to reconstruct a 3-D representation of what we see.
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3.1 Non-In vertibilit y of Image Formation

Beforewe discussthe method of stereopsis,it is useful to explain why a pair of cameras

is neededfor the depth estimation. As we have learnedpreviously, image formation is

a 3-D (world coordinates) to 2-D transformation (image coordinates). Inherent to such

a transformation is a loss of information: the information lost is the distance to the

objects in the world, i.e., range. Speci¯cally, under a perspective projection model all

points of the form (cX; cY; cZ), for any c 2 R, are projected to the samepoint (x; y).

The projection is not one-to-onethus not invertible.

The non-invertibilit y of image formation can also be modeled via linear algebraic

equations. In particular, we have seenthat the image formation equations may be

written in matrix form as, ~q = M n£ m
~Q, where n < m (Equations (2.5) and (2.10)).

Sincethe projection is from a higher dimensionalspaceto a lower dimensionalspace,

the matrix M is not invertible and, thus, the projection is not invertible. Sinceimage

formation is not an one-to-onetransformation and thusnot invertible, assumingno prior

information and a standard imaging system1, the full 3-D structure of the world cannot

be recoveredfrom a single2-D image.

The information lost in a 3-D to 2-D transformation can be recovered, however,

using at least two imagesof the samescenetaken from two di®erent vantage points.

Theories on stereopsiscan be found in [21, 88] and [14] provides a general survey of

someimportant technical implementations. Our goal is to usestereopsisto estimatethe

shape of the cortical surfaceduring neurosurgery. To facilitate this process,a stereopair

is constructedusing the stereoscopicoperating microscope.
1There aremany methodsof recovering the lost information usingonecameraplus other cues,see[14]

for reviews.
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Figure 3.1: Two CCD cameras(black arrows) have beenattached to the binocular op-
tics of the operating microscope. The resulting stereovision systemis usedto estimate
the shape of the cortical surfaceduring surgery.

3.2 The Stereo Pair

Shown in Figure 3.1 is an operating microscope to which two CCD camerashave been

attached in order to estimate the shape of the cortical surface.A beamspliterhasbeen

addedto the operating microscope to accommodate the two CCD camerasand to avoid

obstructing the surgical team's visual accessto the surgical ¯eld. Two optical couplers

with a c-mount 2, as shown in Figure 3.2, are usedto connectthe CCD camerasto the

left and right beamsplitter ports. The two camerasare controlled by a PC via a pair

2Microstereopsis,Ijamsville, Maryland, USA
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Figure 3.2: Shown are the CCD camera (left) and the optical coupler with c-mount
(right) usedto connect the camerato the microscope beamsplitter port.

of ¯rewire cables. Stereoimagepairs are acquiredat 15 framesper second.The stereo

imagescan be displayed on a computer monitor and fused using shuttered glassesto

provide a real-time 3-D view of the surgical scene,as illustrated in Figure 3.3.

3.3 Stereo Matc hing

Having constructedan intraoperative stereovision (iSV) systemby attaching two CCD

camerasto the stereoscopicoperating microscope, the next task is to estimatethe shape

of the cortical surfaceusingstereoimages.From the thumb experiment, we have learned

that our vivid 3-D perceptionof the world is dueto the interpretation that the brain gives

of the computed di®erencein retinal position, nameddisparity, betweencorresponding

items. Following the wisdomof Nature, the basicconceptof stereovision is illustrated in

the left panel of Figure 3.4: a point (X ; Y; Z ) in the world referenceframe is projected,

through two pinhole camerascentered at Cl and Cr , onto the imagesensorsat locations
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Figure 3.3: The surgical team can view the operating scenein 3-D through the shut-
tered glasses.

(x l ; yl ) and (xr ; yr ). Given theseimagecoordinates, the goal is to estimate the location

of the point (X ; Y; Z ). Beginning with an image projection onto, say, the left image,

(x l ; yl ), wemust ¯rst computethe correspondingprojection onto the right image(x r ; yr ).

This is the ¯rst step in stereopsis,which is often referred to as stereomatching. The

displacement betweenthe corresponding points, (x l ; yl ) and (xr ; yr ), is termed disparity.

Combining the cameracalibration (describedabove) with the establishedcorrespondence

yields the desired3-D coordinates. This is the secondstep in stereopsis,which is called

triangulation.

It turns out that the ¯rst step of stereopsisis more di±cult becausethe correspon-

denceproblem is ambiguous. Given a point (x l ; yl ) in the left image,it may a priori be

put in correspondencewith any point in the right image. To overcomethis di±cult y, we

must constrain the number of potential matchesfor any given point. Literature regard-

ing stereomatching is immense.Two classicmatching algorithms have beenpresented

by Marr and Poggio[53, 54]. Examplesof someother signi¯cant matching strategiescan
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Figure 3.4: The 3-D vision problem and the epipolar constraint: shown on the left are
two pinhole cameras,with centers Cl and Cr , forming the image of a single point. The
projection onto the left image, (x l ; yl ), has a corresponding match in the right image,
(xr ; yr ), lying on the epipolar line er . Shown on the right is the recti¯ed image so that
the epipolar lines are coincident with image scanlines (solid lines).

be found in [3, 42, 47, 58]. Building on this literature, we have implemented a number

of matching constraints tailored to the estimation of the shape of the cortical surface.

1. Epipolar Constraint

This constraint is derived from the fact that the stereocamerapair is calibrated

with respect to a commoncoordinate systemand therefore the camerapositions

are known relative to one another. As a result, the corresponding point (x r ; yr )

of the point (x l ; yl ) is constrained to lie on the epipolar line. This line, er , is

de¯ned to be the projection of the optical ray h(x l ; yl ); Cl i through the camera

center Cr , asshown in Figure 3.4. The epipolar constraint is symmetric and hence

the corresponding point (x l ; yl ) of the point (xr ; yr ) is constrained to lie on the

epipolar line, el , which is constructedsimilarly. This epipolar constraint restricts

correspondenceto a single line rather than an entire image.

The epipolar line is often oblique, and it is more convenient to rectify the images

so that the epipolar lines are coincident with image raster lines (as shown in the

right panel of Figure 3.4) { the recti¯ed imagecoordinates are denotedas (~x l ; ~yl )
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and (~xr ; ~yr ).

The basicideaof recti¯cation is straightforward: if the left and right imageplanes

are coplanar and the horizontal axesare collinear (no rotation about the optical

axes), then the image rows are epipolar lines and stereocorrespondencescan be

found by searching for matchesalongcorrespondingrows. Recti¯cation is discussed

by Ayache [2], Hartley et al. [33], and Faugeras[21]. Cameraparametersare not

required for recti¯cation [69], but the useof calibrated stereopairs givesrise to a

simpler technique.

Given a pair of stereoimagesand a calibrated stereopair, recti¯cation determines

a transformation of each image plane such that pairs of epipolar lines become

collinear and parallel to one of the imageaxes,as seenin Figure 3.4 (right). For

each camera,this transformation takesthe form:
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where the coordinates in the recti¯ed image are (~x; ~y = ( ~xs=s; ~ys=s), and (x; y)

are the coordinates in the original imagepair. When the two camerasare rigidly

attached to each other and are calibrated with respect to a common coordinate

frame, R is a 3 £ 3 matrix and:

R = Pr P ¡ 1; (3.2)

where P is the PPM of a camera in Equation (2.5) and is obtained via camera

calibration. Pr is a 3£ 4 matrix similar to P. Sinceit projects a point in the world

coordinate, (X ; Y; Z ), to a point in the recti¯ed imageplane, (~x; ~y):
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Pr is often referredto as the camera'srectifying PPM.

Knowing P from camera calibration, we can determine Pr by applying several

constraints imposed by the characteristics of the desired recti¯cation: (1) the

recti¯ed image pair must share the samefocal plane; (2) the cameracenters of

the recti¯ed perspective projections must be the same as those of the original

projections; and (3) all pairs of epipolar lines are parallel to one another and

parallel to one of the pixel rows (usually the horizontal one). The mathematical

derivation of ~Pr can be found in Appendix C. With Pr and P, R can be computed

using Equation (3.2).

Given all the cameraand recti¯cation parameters,the recti¯cation of the original

imagepair consistsof three steps. First, the projected imagescoordinates, (x; y),

arecomputedfrom the original (distorted) imagecoordinates,(xd; yd), usingEqua-

tion (2.7). Secondly, the recti¯ed imagecoordinates, (x r ; yr ), are computed from

the projected image coordinates, (x; y), using Equation (3.1). Finally, to create

the ¯nal recti¯ed imagepair, the recti¯ed imagecoordinates, (x r ; yr ), are usedto

linearly interpolate the samesampling lattice of the original imagepair.

2. Intensity Correlation Constraint

Given the recti¯ed stereopair of images,an intensity-basedcorrelation metric is

usedto solve the correspondenceproblem. In the correlation-basedmatching strat-

egy, the elements matched are image windows of certain size, and the similarit y

criterion is a measureof the correlation between windows in two images. The

corresponding element is given by the window that maximizesthe similarit y crite-

rion within a search region. Clearly, only thosefeatureswhich satisfy the epipolar

constraint are consideredfor matching.

Speci¯cally, the horizontal displacement (or disparity) betweencorrespondingpoints

(~x l ; ~yl ) and (~xr ; ~yr ) is given by a scalar value d (there is no vertical displacement

due to the recti¯cation). In order to estimate this disparity, the following error
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function is minimized:

E(d) =
WX

i = ¡ W

WX

j = ¡ W

[I l ( ~x l + i; ~yl + j ) ¡ I r ( ~x l + d + i; ~yl + j )]2; (3.4)

whereI l (¢) and I r (¢) are the left and right images,and W is a parameterde¯ning

the sizeof the correlation neighborhood. Kanadeand Okutomi describe a method

for adapting the shape and sizeof the correlation neighborhood to accommodate

di®erent parts of the sameimage [43]. Give the sizeof our recti¯ed stereopairs

(approximately 1400£ 800), we usea squarewindow sizeof W equal to 20 pixels.

This non-linear error function, E(d), is minimized by using a search strategy over

a ¯xed rangeof integer-valued disparities. The disparity is estimatedwith a sub-

pixel resolution by ¯tting E(d) with a second-orderpolynomial and analytically

computing the minimum. This entire processis repeated for all, or for a subset,

of the imagepixels.

To reducecomputational costs, we constrain the disparity search to a relatively

small region as follows. The disparities are computedfor 50 equally spacedimage

pixels in the left image { a large search region of 100 pixels is used. The search

region for the entire image is then constrained to consist of the pixel with the

median of thesedisparities plus its nearest20 neighboring pixels on the epipolar

line, thus greatly reducing the computational e®ort.

3. SmoothnessConstraint

In most craniotomy sites, the depths of scenepoints corresponding to nearby fea-

ture points are likely to be closeto one another. We can imposea smoothness

constraint on our estimateddisparities in order to exploit this heuristic. The dis-

parities of all imagepoints are usedto form a so-calleddisparity map, to which a

3£ 3 median¯lter is applied to the estimateddisparity map. The median¯ltering

hasthe e®ectof forcing pixels with distinct disparities to be more like their neigh-

bors, thus it helps to eliminate spurious disparities, and is generally reasonable

given the smoothly varying nature of cortical surfaces.
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Given a pair of imagesof a surgical scene,we avoid computing the correspondence

betweenall pixels. Instead,only a subsetof the imagepixels wereselectedfor matching.

Speci¯cally, the boundary of the cortical surfacewas outlined, and approximately 1000

uniformly spacedpixels 3 within this region were chosen as matching tokens. This

strategy o®erstwo advantages: ¯rst, since the craniotomy site is usually centered in

the microscope view and visible by both cameras,the matching algorithm need not

determine the image parts that should not be matched; second,computational cost is

greatly reducedwith fewer matching tokens. One concernwhen estimating the shape

of the cortical surfacefrom only a subsetof pixels is that the resulting surfacewill be

spatially coarse.This concernwill be addressedlater with experimental data.

3.4 Triangulation

Givenan estimateddisparity map, triangulation is usedto computethe 3-D coordinates,

(X ; Y; Z ), from each pair of matched image points, (~x l ; ~yl ) and (~xr ; ~yr ), as shown in

Figure 3.4. First, theseimagecoordinatesare transformedback into the original image

planes, (x l ; yl ) and (xr ; yr ). Then, these image coordinates and the camera centers,

Cl and Cr , are transformed from their 2-D image spaceto 3-D camera spaceusing

the intrinsic cameraparameters. The extrinsic parametersmap these3-D coordinates

into a commonworld coordinate system. The set of four 3-D coordinates, de¯ning two

optical rays, are usedto estimatethe ¯nal 3-D coordinates. In the absenceof noise,this

is performed by simply ¯nding the intersection of the rays. In the presenceof noise,

however, the rays may not intersect and thereforethe estimated intersection is taken to

be the point of minimal and equal distancefrom both rays. Repeating this processfor

each pair of matched coordinatesyields an estimated3-D cortical structure. It is worth

pointing out that it is not essential to have both the intrinsic and extrinsic parametersof

the stereosystemfor triangulation. With only the intrinsic parametersof the cameras,

3Smoothnessconstraint is applied to the downsampleddisparity map.
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the 3-D coordinatesof an object in the world canbereconstructedup to a scalefactor. In

our case,the exact location of the cortical surfacein the world coordinates is important

for registering this surfacewith the pMR volume, as we will seelater.

Next, we present our experimental results in the estimation of the shape of the

cortical surface. We begin with a simulation probing the e®ectof the matching results

on the accuracy of the ¯nal reconstructedshape. Then, the reconstructedshapes of

the cortical surfacesfrom eleven clinical casesare given. Finally, to demonstrate the

accuracyof the estimatedcortical shape, error analysisfrom both phantom and clinical

studiesis presented.

3.5 Results

The previous section demonstratesthat estimating the 3-D surfacefrom a stereopair

of images involves two main steps: (1) for each point in the left stereo image, the

corresponding point in the right image must be found (i.e., stereomatching), and (2)

from this correspondence,triangulation is then usedto determine the 3-D coordinates

of the object.

3.5.1 Sensitivit y to Matc hing

In order to quantify the performanceof the ¯rst step of stereopsis,i.e., stereomatching,

a numerical simulation was designedand executedto probe the error in stereo range

estimation as a result of error in solving the correspondenceproblem. We usedstereo

imagesof the camera calibration target, as shown in Figure 2.4, for the simulation.

The target was tracked, so that the 3-D location of the centroids of each marker was

known. At the beginning of the experiment, the camerawas calibrated. The camera

calibration results and microscope tracking data were usedto rectify the stereoimage

pairs. The centroids of markers (n = 108) in both the left and right images were
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Figure 3.5: The 3-D coordinates of centroids of markerson the calibration target were
¯rst computed basedon the manually estimated matching results. Errors in either the
x (the directions along the epipolar line) or y (the directions perpendicular to the
epipolar line) image axis were subsequently added to this best casematching results.
RMS errors of range estimation based on matching with and without added errors
werecomputed by comparing the estimated 3-D coordinates with the locations of these
centroids recordedby the Polaris. The plot on the right is a subplot of the one on the
left. Note that a matching error in x is more signi¯cant in causingan error increasein
range estimation than the corresponding error in y.

estimatedvia segmentation, and each corresponding pair was matched manually. Then

the triangulation produced the 3-D coordinates of thesecentroids, and the RMS error

was estimated by comparing the results with the locations of thesecentroids recorded

by the Polaris system. Since the homologouspoints were estimated via segmentation

and matchedmanually, we considerthat there is no matching error sofar. This minimal

RMS error of rangeestimation (0.65mm) was determinedsolely by errors from camera

calibration and tracking. Next, we simulated matching error (in pixel) in either the x

(the directionsalongthe epipolar line) or y (the directionsperpendicular to the epipolar

line) imageaxis by altering the estimatedlocationsof centroids in the right image. The

RMS error of the range estimation basedon altered homologouspairs was computed.

Figure 3.5showsthe relationshipsbetweenRMS errorsin rangeestimationandsimulated

matching errors. The plot on the left, based on simulations over a bigger range of

matching error values,depicts generalquadratic relationships,and whereasthe plot on

the right, a subplot of the plot of the left, shows more details in the neighborhood of
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the true correspondences.

Thesesimulated results have revealedthat a matching error in x is more signi¯cant

in causingan increaseof error in range estimation than the sameerror in y. Our in-

terpretation of this result is that in order to achieve more accurate range estimation,

matching constraints must beableto solve correspondencewith subpixelaccuracyin the

x direction; while in the y direction, the performanceof theseconstraints canbe allowed

sometolerance. In order to achieve this requirement, two of the three matching con-

straints that wereimplemented, i.e., the intensity correlation constraint and smoothness

constraint, weredesignedto reinforcethe matching accuracyin the x direction. Due to

the toleranceof the matching error in y, the search for a potential match was generally

widenedto include the two lines of pixels immediately adjacent to the epipolar lines to

counter potential matching errors in the x direction that may be a result of inaccurate

recti¯cation.

3.5.2 Clinical Cases

We next present the resultsof estimating the shape of the cortical surfaceusingstereop-

sis. Most of theseresultshave beendiscussedin a paper submitted to Neurosugery[83].

An exemplary imagepair from a clinical caseis usedto illustrate both the incremental

results from di®erent steps involved in this estimation and the ¯nal estimated shape

of the cortical surface. The ¯nal results from nine other clinical casesare then usedto

demonstratethe successof the iSV systemin capturing a variety of shapesof the cortical

surfaces.The characteristicsof theseten patients are listed in Table 3.1.

Our exemplaryclinic caseinvolveda 48-year-oldmalepatient with intractable epilepsy.

During surgery, craniotomy was performed at the left anterior temporal region of the

skull for the placement of electrode implants. The reconstruction of the surgical scene

following craniotomy began with the acquisition of a stereo pair, as shown in Fig-

ure 3.6(top). The RGB image pair was ¯rst converted to a grayscaleimage pair, and
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Figure 3.6: Left and right images of a typical early surgical scene(top) and the
recti¯ed image pair (bottom). Note that the homologousfeatures from both left and
right imagesalign with the samepixel row after recti¯cation.

recti¯cation was applied using the method described in Appendix C. As a result of

recti¯cation, epipolar lines becamecollinear and parallel to the imagerow, as shown in

Figure 3.6(bottom).

On the left image of the recti¯ed pair, the boundary of the craniotomy site was

manually outlined and about 1000evenly spacedpixels within this region wereselected

for matching. The corresponding points for these pixels were found by applying the

Intensity Correlation Constraint, our secondmatching constraint. The disparity maps

of thesepixels are shown in the top row of Figure 3.7. A 5 £ 5 median ¯lter was then

applied to the disparity mapsto eliminate spuriousdisparities, as shown in the bottom

row of Figure 3.7.

Combining the estimatedcorrespondencewith the cameraparameters,triangulation
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Figure 3.7: Shown in the top row are the disparity maps in the x direction (left) and
y direction (right) beforethe smoothing using a median ¯lter. The smoothed disparity
maps are shown in the bottom row.

yields the desired3-D shape of the cortical surface.The estimated3-D surfaceis shown

both in wire frameand in texture mapping 4 modesin Figure 3.8. On a 1.1GHz PC, the

reconstruction of a surfacefor a stereoimagepair using 1000matching tokensrequires

approximately 60secondsof computation. The reconstructedcortical surfacesfrom nine

other surgicalcasesareshown in Figure 3.9,and the relevant patient information is given

in Table 3.1.

4For texture mapping, after interpolating the reconstructed surfaceonto the samesampling lattice

as the left image of the stereopair, each reconstructed point was assignedwith its corresponding pixel

intensity.
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Figure 3.8: The reconstructed 3-D cortical surface (surgery 1), shown in both wire
frame (left) and texture mapping mode (right) (units on axesare in millimeters; also
seeFigure 3.9).

3.5.3 Reconstruction Accuracy I

In order to quantify the accuracyof our iSV system, the localization of points in 3-D

were comparedto an optical stylus probe, a well quanti¯ed 3-D point digitizer. The

stylus, as shown in Figure 3.10, is tracked by the Polaris system, which de¯nes the

world (OR) coordinates. The RMS tracking error of a single marker on a tool such

as the optical stylus is reported by the manufacturer to be 0.35mmin either active or

passive mode [66]. The accuracyof locating a known point using the stylus depends

on the number of the markers on the stylus and the geometry of the stylus. We have

tested the precisionof our stylus. Our results show that, when returning repeatedly to

a certain set of coordinates in space,the device consistently displays the sameset of

coordinateswithin 0.87mm.

In our ¯rst approach, we usedthe stylus probe to measurethe 3-D location of several

micro-screws5 placedon the bony rim of the cranial openingas¯ducial markers. These

¯ducials are denotedMS1,..., MS4 in Figure 3.11(left). The 3-D locations of the micro-

screwswere estimated using stereopsis;the center of each micro-screwwas manually

segmented in the microscope images and their 3-D positions were computed as the

5Leibinger E-Z Flap Plating System, Styker Cooperation, Kalamazoo, MI., USA
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Figure 3.9: Initial cortical surface reconstructions with texture mapping from nine
other craniotomies (units on axesare in millimeters; also seeFigure 3.8).
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Surgery Age (yr)/ Lesion/Pathology Location Procedure
No. Gender

1 39/F Intractable epilepsy Left anterior Electrode implant
temporal

2 63/F Hemangiomaand Right temporal Resection
right MCA aneurysm

3 62/M Renal cell carcinoma Right posterior Resection
temporal

4 50/M Solitary metastasis Left frontal Resection

5 27/F SeizureDisorder Right medial Amygdala removal
temporal

6 39/M Cystic Hamartoma Left Temporal Resection

7 52/M Recurrent glioblastoma Right Temporal Resection

8 48/M Intractable epilepsy Left temporal Lobectomy

9 44/F Metastatic Left parietal Resection
carcinoma

10 50/F Meningioma extra-axial Resection
parasagittal

Table 3.1: Patient Characteristics

mean of the estimated 3-D coordinates of a small neighborhood of pixels (about 15

pixels) centered about this position. Stylus acquisitions were then comparedto their

correspondingstereopsisestimates.During ten clinical cases,38¯ducials wereimplanted

and digitized using both methods. Each caseemployed an averageof 3.8 ¯ducials, with

a maximum of 5 and a minimum of 3. The RMS di®erencebetweentheseestimateswith

respect to the number of matching tokensusedto reconstruct the surgicalsceneis shown

in Figure 3.11(right). The absolutedi®erencebetweentheseestimatesdecreasesas the

number of matching tokensincreasesfrom 100 to 600, then it levels o®at around 1mm

when the number of matching tokens is greater than 700. With 1000matching tokens

applied, the di®erenceis 1.02mmwith a standard error of 0.07mm. The maximum error

is 1.35mm,with a minimum error of 0.61mm. This number of matching tokensis more

than su±cient to capture the details of di®erent shapesof the surgical sceneduring the
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Figure 3.10: An optical stylus usedto localize 3-D points during surgery.

courseof surgery.

3.5.4 Reconstruction Accuracy I I

One concernregarding the useof a micro-screwto simulate a point in 3-D is its ¯nite

size. Although it is small (1mm in diameter), the ¯nite sizeof each screwmay introduce

uncertainty in whetherthe samepoint wasdigitized by both the stylus probeand the iSV

system. In order to better simulate a point in 3-D, we constructeda planar geometrical

pattern using a CAD drawing program and printed it on a 600 dpi laser printer, as

shown in Figure 3.12. Within this pattern, the location of each circle, line, and bounding

rectangle are analytically known. An optical stylus, tracked by the Polaris, was used

to determine the 3-D coordinates of the four cornersof the bounding rectangle. For

each corner, the acquisition was repeated100 times, and averagedto generatethe 3-D

position of each corner point. The intersection between the various geometric shapes
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Figure 3.11: Shown on the left is a camera view of a craniotomy site with 4 im-
planted micro-screws(MS1,...,MS4) and the optical stylus used to digitize their loca-
tions. Shown on the right is the RMS di®erencebetweenthe measuredpositions of the
micro-screwsusing the optical stylus and our iSV system as a function of the number
of matching tokens involved in the stereoscopicsurfacereconstruction.

(lines and circles) wereanalytically determinedfrom thesecoordinates.

The 3-D coordinatesof thesesameintersectionswerealsoestimatedusingstereopsis.

All intersectionpoints werelocated in the left stereoimageby manually ¯tting linesand

circlesto each geometricshape. The coordinatesof each intersection in this imagewere

computed from theseanalytic ¯ts. The stereocorrespondencesand 3-D coordinates for

each intersection were then estimated. From the 98 intersections,the RMS di®erence

between the stereopsisand stylus estimateswas 0:93mm with a standard deviation of

0:41mm. The maximum error was 1:61mm, with a minimum error of 0:20mm. The

meanerror of 0:93mmis closeto our observed accuracyfor the optical stylus of 0:87mm.

3.5.5 Reconstruction Accuracy I I I

Sofar, we have learnedthat the accuracyof our iSV systemin localizing a point in 3-D

is comparableto the conventional optical 3-D point digitizer. Sincewe are primarily

interestedin estimating the shape of the cortical surface,we needto probe the accuracy
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Figure 3.12: Pattern usedto test the accuracyof the stereoreconstructions.

of our stereosystemin shape estimation. In order to further con¯rm the viabilit y of our

approach, we comparedthe accuracyof our iSV system against a CT reconstruction.

We ¯rst constructed a brain-shaped phantom from agar gel, as shown in Figure 3.13.

Copper wires were embedded into the gel and placed closeto the surfaceto simulate

cortical vasculature. A CT scan of the phantom was then obtained, from which the

shape of the cortical surfacewas manually computed. The phantom was then brought

to the OR, and its surfaceestimated using stereopsis.Shown in Figure 3.14(a) are the

stereopair, and shown in Figure 3.14(b) is the estimatedsurface.Figure 3.14(c) reports

the structure obtained from the CT scanwhereasFigure 3.14(d) contains the di®erence

between the stereopsis-and CT-based estimates.6 The mean distance between these

structures was 1:16mm with a maximum of 2:96mm and a minimum of 0:08mm.
6In order to compare the stereopsis-and CT-based estimates, we applied the ICP algorithm [5] to

bring thesetwo surfaces,which were previously in di®erent coordinates systems,into alignment.

57



Figure 3.13: Shown is the brain phantom usedto quantitativ ely evaluate the accuracy
of the iSV system in capturing the shape of the cortical surface. Electric wires were
embeddedin the phantom to simulate cortical vasculature.

3.5.6 Reconstruction Accuracy IV

Oneconcernregardingthe estimationof the cortical surfacefrom only a subsetof pixelsis

that the resulting surfacewill be spatially coarse.To addressthis concern,we measured

the density of the reconstructedsurfaceby computing distancesbetweenall neighboring

pairsof matching tokens. Table3.2contains the measureddistancesbetweenneighboring

pairs of matching tokens in ten reconstructedsurfacesshown in both Figure 3.8 and

Figure 3.9. From theseten estimations,the point cloudsrepresenting the ¯nal estimated

58



(a)

(b) (c)

(d)

Figure 3.14: Shown are (a) recti¯ed stereo image pair of the phantom brain; (b)
the stereopsis-basedestimate of the surface; (c) the CT-based estimate; (d) and the
di®erencebetweenthe stereopsis-and CT-based estimates. Units are in millimeters.
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Surgery Sizeof Mean Min Max
Point Cloud (mm) (mm) (mm)

1 1038 1.44 1.17 2.17
2 1073 0.76 0.56 1.29
3 1023 1.56 1.12 2.08
4 1123 0.98 0.67 1.37
5 1067 1.25 0.98 1.87
6 1231 0.56 0.34 0.86
7 1114 1.34 0.95 1.73
8 1056 1.35 1.09 2.11
9 1221 0.71 0.39 1.22
10 1038 1.01 0.76 1.25

mean 1098 1.10 0.80 1.60

Table 3.2: MeasuredDistances between neighboring pairs of matching tokens in re-
constructed surfaces

surfacescontained a meanof 1098points. The meandistancebetweenneighboring pairs

of matching tokenswas 1:1mm. Basedon thesestudies, we found that approximately

1000matching tokensis su±cient to capture the topology of the cortical surface.

In summary, we have implemented an intraoperative stereovision (iSV) systemca-

pable of capturing the 3-D shape of the cortical surfacein a variety of clinical cases.

The ¯nal shape of the cortical surfaceis represented by a point cloud that consistsof

approximately 1000points. Comparedto an optical stylus, our iSV systemis capable

of localizing a point in 3-D with an averageerror of approximately 1mm. Comparedto

CT, our systemis capableof capturing the shape of the cortical surfacewith an average

error lessthan 1.2mm. Next, we show how to track the motion of the cortical surfacein

the OR.
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Chapter 4

Cortical Tracking

As described in the previous chapter, the 3-D shape of the cortical surfacecan be es-

timated with su±cient accuracy using stereopsisduring surgery. Our goal is to gain

intraoperative data on the cortical motion to guidebrain deformation modelsto recover

the full volume description of tissueshift.

In our implementation, the tracking of the cortical surfacecan be divided into two

phases: (1), in order to establish the baselinemotion of the cortical surface,the ¯rst

stereoscopicallyestimatedcortical surfacein the OR is comparedto the cortical surface

in the pMR volume; and (2), the cortical surfaceis continuously tracked in the OR by

comparingthe current shape of the cortical surfacewith the previouslyestimatedshape.

4.1 Phase I: Cortical Motion Relativ e to pMR

In anticipation of usingthe cortical motion to guidea brain model for updating the pMR

volume, it is important to establish the baselinemotion of the cortical surfacerelative

to the samesurfacein the pMR volume. In order to comparethe cortical surfacewith

the pMR volumewe must (1) generatea ¯nite element meshfrom the pMR volume; (2)

register the 2-D microscope imagewith the pMR mesh;(3) locate the exposedcortical
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surfacein the pMR mesh;and (4) compute the displacement betweenthe 3-D cortical

surfacein the real-time surgical sceneand the pMR volume.

Prior to surgery, a standard volumetric MRI (typically a 256£ 256£ 124 matrix

where the voxel sizewas 0:97£ 0:97£ 1:5mm3) is obtained for the patient using a 1.5

TeslaGE MR scanner.This MRI scanis then imported into the software ANALYZE 1

and a 3-D representation is constructed from the MR slices. The cranium is removed

through a semi-automaticsegmentation strategy implemented in ANALYZE. Basedon

segmented brain, a marching cubesalgorithm [74] is usedto generatea surfacedescrip-

tion of the brain consisting of triangular patches. To maintain an reasonablenumber

of patches,appropriate levels of surfacedecimation are applied. The segmented brain

is now renderedas a surfacewire frame composedof surfacenodes. A nodal averaging

schemeis usually applied to the initial wire frame to smooth the surfacerepresentation.

Basedon the newly smoothed boundary description,a full 3-D tetrahedral volumemesh

can be generatedwith designatedareasof re¯nement. Details on the meshgeneration

are described by Sullivan et al. [78].

The coordinatesof the ¯nite element mesh(the preoperative space)are registeredto

the 3-D operating room and then the 2-D operating microscope (intraoperative space).

This processrequires a rigid-body transformation between the pMR volume and OR

space,calibration of the microscope optics, and tracking of the patient and microscope

throughout the surgery, details of which have beendescribed in Chapter 2.

With the pMR meshregisteredto the microscope image,we identify the portion of

the meshthat corresponds to the exposedcortical surfaceafter craniotomy. To do so,

the surfacenodesare ¯rst projected into the microscope image. To avoid the inherent

ambiguity resulting from this 3-D to 2-D projection, the surfacenodes from only the

hemisphereclosestto the craniotomy are projected. The boundary of the craniotomy

site is manually outlined in the microscope image. The surfacenodes that fall within

1The software ANAL YZE was provided by the Mayo Foundation, Rochester, MN, USA.
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this boundary are identi¯ed in the microscope image and hencein the original mesh-

we will refer to this subsetof nodesas the craniotomy nodes.

Given the preoperative and intraoperative cortical surfaces,we next calculate the

displacement betweenthesesurfaces.The displacement would be easyto computeif the

correspondencebetween the surfaceswere known. Lacking this information, however,

we employ the iterativ e closestpoint (ICP) algorithm [5] to simultaneously establish

this correspondenceand estimate the displacement. Given the two surfaces,each repre-

sented by the point clouds,the ICP algorithm iterativ ely determinesthe correspondence

betweenpoint cloudsand the registration matrix (rotation and translation) that yields

the best alignment (in terms of RMS Euclideandistance). The resulting displacement is

represented as a set of 3-D translation vectorsbetweeneach craniotomy node from the

pMR volume and its corresponding point on the estimatedcortical surface.

4.2 Phase I I: In traop erativ e Tracking

Having establishedthe baselinecortical motion relative to the pMR volume,we are able

to continuously track the cortical motion in the OR by comparing the stereoscopically

estimated cortical shapes. During surgery, the cortical surfaceis re-estimatedapproxi-

mately every minute. Although the shape of the craniotomy site, including the cortical

surfaceand surroundingstructures such asthe bony skull, can be estimatedusingstere-

opsis,only the cortical surfaceitself is selectedfor tracking.

In order to quantify the amount of cortical motion over time, it is necessaryto track

the estimatedcortical structure betweentimes t and t + ¢ t. This processinvolves¯rst

estimating the cortical surfaceat time t and t + ¢ t. Then, for points on the surfaceat

time t, the iterativ e closestpoint algorithm is employed to ¯nd corresponding points on

the surfaceat time t + ¢ t such that the overall Euclidean distancesbetween the two

surfaces,represented as respective point clouds, is minimized. The displacement is the
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vector that connectsthe point being tracked to its corresponding point at the next time

increment.

In the caseof missing cortical surface due to resection, surface tracking is then

performed in the reversedirection to avoid any erroneoustracking. Namely, for points

on the surfaceat time t + ¢ t (a smaller cortical surfaceafter resection), the iterativ e

closestpoint algorithm is used to ¯nd correspondencepoints on the surfaceat time t

(a larger cortical surfaceprior to the resection). The tracking can be executedwith

as ¯ne of a temporal resolution as desired(subject to imageacquisition limits and the

computational load).

4.3 Results

The previous section explains that the tracking of the cortical surfaceis conducted in

two phases. In phaseI, in order to establish its baselinemotion, the stereoscopically

estimatedshape of the cortical surfaceis comparedwith the samesurfaceon the preop-

erative FE mesh. In phaseII, the cortical motion is continuously tracked by comparing

the stereoscopicallyestimated cortical shape over time. In this section, we present re-

sults from tracking cortical surfacesduring three clinical cases. The accuracy of our

tracking algorithm is then comparedwith that of tracking the featureson the cortical

surfaceusing an optical stylus.

4.3.1 Phase I

We have selectedthree neurosurgicalprocedures(surgeries2, 3, and 4) from the ten

caseslisted in Table 3.1 to illustrate the phaseI cortical tracking. As we have stated

earlier, this stage of cortical tracking is performed by comparing the stereoscopically

estimatedcortical surfaceto the cortical surfacein the pMR volume.

The phaseI tracking of the cortical surfacein Surgery2 beganwith the acquisitionof
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Figure 4.1: Recti¯ed stereopair (top row) and the estimated cortical surface(bottom
row) presented in a wire frame view (left) and with texture mapping (right) { units are
millimeters.

the stereopair shown in the top row of Figure 4.1. Stereopsiswasthen usedto estimate

the shape of the cortical surface. Similar results for the third and fourth surgeriesare

presented in Figure 4.2 and Figure 4.3, respectively. During all surgeries,the bony rims

of the craniotomy sites were also reconstructedto illustrate the motion of the cortical

surfacesafter dural opening. Note the collapsingcortical surfaceof the secondpatient

and the distendedsurfaceof the third and fourth subjects.

The iSV-basedestimatesof the cortical surface,Figures4.1, asshown in Figure 4.2,

and 4.3, werecomparedwith the pMR volumesto obtain intraoperative displacements.

During each surgery, the coordinate spaceof the preoperative mesh was ¯rst rigidly

registeredto the 3-D operating roomusingscalp-attached¯ducials. In the secondsurgery

the ¯ducial and target registration errors (FRE/TRE) for 8 ¯ducials were1:82mm and

1:45mm,respectively. For the third surgery, six ¯ducials hada FRE/TRE of 2:60mmand

1:92mm. For the fourth surgery, seven¯ducials hada FRE/TRE of 2:14mmand1:62mm.
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Table 4.1: Cortical tracking results for surgery 1 and 2
Motion Num. of max min mean

Nodes (mm) (mm) (mm)

Surgery 2
Distension 62 5.64 0.12 3.56
Collapsing 112 8.66 1.57 4.76

Surgery 3
Distension 44 9.03 2.95 6.29

Surgery 4
Distension 48 17.82 10.45 14.35

Shown in Figure 4.4 is the overlay of the preoperative meshwith the surgicalsceneafter

registration { the craniotomy nodes are shown as asterisks, and their corresponding

region in the preoperative meshis shown in gray.

Figure 4.5 contains the results of overlaying the estimated cortical surfacewith the

preoperative mesh. The result on the top left panelcamefrom the secondsurgery{ note

that the anterior portion of the exposedcortical surfacecollapsed,while the posterior

portion distended. Shown on the top right is the result from the third surgery, wherethe

entire surfacedistended. The results from the fourth surgery are shown in the second

row of the same¯gure. The intraoperative displacement was estimated using the ICP

algorithm. For the secondsurgery, of the 174 craniotomy nodes,112 collapsedand 62

distended. The averagedisplacement of collapsingnodeswas4:76mm,with a maximum

of 8:66mm and a minimum of 1:57mm. The averagedisplacement of distending nodes

was 3:54mm, with a maximum of 5:64mm and a minimum of 0:12mm. For the third

surgery, all 44 craniotomy nodes distended. The averagedisplacement was 6:29mm,

with a maximum of 9:03mm and a minimum of 2:95mm. For the fourth surgery, all

48 craniotomy nodesdistended,with an averagemagnitude of 14.35mm,a maximum of

17.82mmand a minimum of 10.45mm.Theseresults are alsopresented in Table 4.1.
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Figure 4.2: Recti¯ed stereopair (top row) and the estimated cortical surface(bottom
row) presented in a wire frame view (left) and with texture mapping (right) { units are
millimeters.

4.3.2 Phase I I

We usedone patient case(surgery 3 from Table 3.1) to illustrate how cortical surface

motion is tracked during surgery and then present the results for the remaining nine

cases.This surgical procedureinvolved a 62-year-old male with a cystic renal cell car-

cinoma metastasisin the right posterior temporal region of the brain. Stereopairs of

the cortical surfacewere acquired at three stagesof the surgery: before and after the

opening of the dura, and after partial cyst drainage. Three corresponding stereopairs

areshown temporally from top to bottom in Figure 4.6. Locationsof the cortical surface

were then estimatedusing stereopsis.Prior to surgery, a standard volumetric MRI was

acquiredfor each patient. Using the estimatedrigid registration betweenthe OR space

and the pMR volume, the reconstructedsurfaceswere overlaid with the pMR slices,as

shown in Figure 4.7. Three colored lines were created by calculating the intersections

betweenthe reconstructedsurfacesand MR slices.Greenlinescorrespond to the surface
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Figure 4.3: Shown are the recti¯ed stereopair of the current surgical scenein surgery
2(top); and the reconstructed cortical surface in 3-D, both with (bottom right) and
without (bottom left) the surrounding bony skull. Units on axesare millimeters. Note
the bulging motion of the cortical surfacerelative to the skull.

beforethe openingof the dura, yellow lines to the surfaceafter the openingof the dura,

and magenta linesto the surfaceafter partial cyst drainage. To aid the visualization, the

portion of the skull at the site of craniotomy was removed from the pMR volume based

on the registeredstereoview of the surgicalopening. In Figure 4.7, prior to the removal

of the dura, brain deformation is minimal (greenlines) and the trackedcortical surfaceis

well aligned with the rigidly registeredpMR. The cortical surface(yellow lines) bulged

after dural opening, due to elevated intracranial pressure. When the surgeonopened

and partially drained the cyst cavit y, the cortical surface(magenta lines) saggedfrom
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Figure 4.4: Shown on the left is the overlay of the preoperative meshwith the surgical
sceneafter rigid registration, with the craniotomy nodes shown as asterisks. Shown
on the right is the preoperative mesh with the craniotomy nodes highlighted. The
top, middle, and bottom row corresponds to the ¯rst, second, and third surgeries,
respectively.
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Figure 4.5: Relative position of the cortical surfaceto the preoperative mesh for the
¯rst (top left), second(top right), and third (bottom) surgery.

its previousposition (yellow lines). Note that in this ¯gure, although the cortical surface

underwent a multiplicit y of motions, the reconstructedbony edgesof the craniotomy site

from the three stereopairs remainedfusedwith the skull in the pMR slices.

Approximately one thousand points from the reconstructedcortical surface(green)

prior to dura opening were selectedfor tracking. The iterativ e closestpoint algorithm

wasemployed to determinedistancesmovedwhenthe surfacelater bulged(yellow). The

averagemagnitudeof the bulgeamongthe points tracked was5.00mmwith a maximum

of 7.79mmand a minimum of 2.03mm. The iterativ e closestpoint algorithm was again

usedto determinehow thesepoints movedfrom the bulgedsurface(yellow) to the sagged
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surface(magenta) after partial cyst drainage. Sincea portion of the cortical surfacewas

resectedto open the cyst cavit y, the reversediterativ e closestpoint algorithm was used

for tracking. The averagemagnitudeof the sagwas5.77mmwith a maximum of 8.60mm

and a minimum of 2.35mm.

By tracking these3-D points, we estimated the cortical displacement with respect

to the cortical surfaceprior to any deformations. In most cases,the cortical surface

under the dura was regardedas the state of no deformations. When a stereopair of

the cortical surfacewith dura intact is unavailable, the cortical surfacesegmented from

the co-registeredpMR volume is usedinstead. Shown in Table 4.2, the topology of the

cortical surfacewas captured with approximately one thousand point elements during

each of the ten clinical cases.Minima, maximaandmeansof the estimateddisplacements

arelisted. A negativevalueindicatesa claspingmotion, while a positivevalueindicatesa

distending motion, relative to the closedcranium position. When the estimatedmotion

is a combination of bulgeand sag,the minimum displacement represents the largestsag,

and the maximum displacement represents the largest bulge.

Sofar, we have seenthat the ICP algorithm is capableof establishingthe correspon-

dencebetweentwo estimatedshapesof the cortical surface,from which the displacement

was then computed. Next, we compareour tracking strategieswith the optical tracking

system.

4.4 Tracking Accuracy

To quantify the accuracyin tracking of the cortical surface,we again compareresults

obtained through stereopsiswith optical stylus measurements. This is done during

surgery6 in Table 3.1. Shown in Figure 4.8 are three cortical features(CF1, CF2, and

CF3). Their locations were digitized using the stylus before and after cyst drainage.

Theselocations were comparedto the positions of the samefeatureson the estimated
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Figure 4.6: Stereo pairs acquired at di®erent stages of the surgery for patient 3.
Shown, from top to bottom, are stereopairs acquired beforedural opening, after dural
opening, and after partial cyst drainage.

72



Figure 4.7: Three cortical surfaces(color lines) reconstructed from the stereopairs in
Figure 4.6 overlayed on the rigidly registered coronal pMR slices. Green, yellow, and
magenta lines correspond to surfacesbefore dural opening, after dural opening, and
after partial cyst drainage, respectively. Note that the cortical surfacebulged when the
dura was opened,and then it saggedoncethe cyst was partially drained.
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Patient Surgical Number points Minimum Maximum Average
No. stage reconstructed disp. (mm) disp. (mm) disp. (mm)

1 After electrode 1057 2.15 5.92 3.30
implant

2 After dural 1023 -4.51 3.97 1.22
opening

3 After dural 1098 -3.22 4.30 0.73
opening

4 After dural 1002 6.82 14.97 9.06
opening

5 After dural 1004 2.03 7.79 5.00
opening

6 After cyst 1038 -3.43 -12.42 -9.53
drainage

7 After partial 1019 -3.43 -8.35 -6.45
resection

8 After partial 1011 -2.56 -6.52 -4.59
resection

9 After dural 1029 -11.15 8.64 -1.83
opening

10 After partial 1101 -1.10 -9.31 -6.17
resection

Table 4.2: MeasuredCortical Displacements for Ten Individual Cases

cortical surface. When using stereopsisfor tracking thesecortical points, we manually

locate them on the reconstructedsurfacebeforecyst drainage. The displacement of each

feature was then calculated using ICP, as described in Section4.2, and using a simple

gravitational saggingmodel (GS). Tracking using GS is performedby intersectingeach

nodeof the surfaceat time t with the surfaceat time t + ¢ t alongthe direction of gravit y.

The GSmodel, webelieve, is a suitableway to establishthe correspondencebetweentwo

shapes,when the motion is induced in the direction of gravit y such as in the caseof the

cyst drainage. Table 4.3 contains the estimated displacements for all three techniques.

Note that, in this caseat least, the ICP approach under-estimatesand the GS method

over-estimatesthe displacement measurements acquired from the stylus probe. While

the stylus probede¯nesthe world (OR) coordinate system,which is regardedas\ground

truth," it alsocontributes an error component although if well calibrated the probe error

74



CF1 

CF2 

CF3 

CF1 

CF2 

CF3 

Figure 4.8: The cortical features(CF1, CF2, and CF3) weredigitized using the optical
stylus before (left) and after (right) cyst drainage.

CF1 CF2 CF3
stylus 11.6 8.9 11.8

ICP 9.3 7.5 9.7
GS 13.3 9.8 12.1

Table 4.3: The estimated displacements (mm) of thesefeaturesfrom the image-based
tracking methods (ICP and GS) relative to the stylus method.

is expectedto be small. This error, however, may be exacerbateddueto the inaccuracies

in locating precisely the same position on the cortical surface before and after cyst

drainage.

In summary, wehavepresented a method of tracking the cortical surfacemotion from

the stereoscopicallyestimatedshapes. Our tracking method is divided into two phases.

During phaseI, the baselinecortical motion is establishedby comparingthe stereoscop-

ically estimated cortical surfacewith the surfacein the pMR volume. During phaseII,

the cortical surface is continuously tracked by comparing the current shape with the

previousestimation. We tested our method in ten clinical casesduring which a variety
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of cortical motions have quantitativ ely estimated. Having obtained the intraoperative

data of cortical motion, we now concludeour discussionon stereopsisand move on with

a presentation of how to usethe stereoscopicallyestimatedintraoperative data to guide

brain models to compensatefor brain shift.
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Chapter 5

Brain Mo deling

Brain modeling o®ersa lessexpensive alternative to full-volume intraoperative imaging

techniques such as iMRI for the compensation of the brain shift. The goal of brain

modeling is to produce a displacement ¯eld over the patient's brain that accurately

represents the current deformation in the OR . This vector ¯eld provides a non-rigid

transformation that relatesthe preoperative imagedata with the patient anatomy during

surgery, and hencecan be usedto update the pMR volume. Typical brain deformation

modelscombine the bio-mechanicalpropertiesof the brain and boundary and volumetric

forcing conditions to predict how tissuemovesunder theseconditions [64, 29, 17, 24, 75,

13]. Due to the complexity of brain shift patterns [32] and uncertainties amongforcing

conditions, several groups have suggestedthat the accuracy of these models can be

improved when measurements of brain motion acquiredduring sugeryare usedto guide

the model estimates[24, 75, 49, 80]. In previouschapters, we have employed stereopsis

to estimate the shape of the cortical surfaceand track its motion over time. In this

chapter, the intraoperative displacement is usedto guide a brain model to estimate the

motion of other parts of the brain. We begin our discussionwith a generaldescription

of the brain model employed for this task.
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5.1 Dartmouth Brain Mo del

We have adopteda poroelastic model, using Biot's consolidationformulation [6] to rep-

resent the brain asa deformableporousmedium. Biot's theory of consolidationdescribes

the continuum asbiphasicin nature. More speci¯cally, the brain volumecontains a solid

matrix with the interstitial spaces̄ lled with an incompressible°uids (such asCSF and

saline). The gravit y and hydraulic body forcesas well as surgical forcesare included

in the model. The volumetric force due to gravit y is basedon the di®erencebetween

the density of the brain tissue and the surrounding °uid. The hydraulic body force is

createdby the °uid in the interstitial space.This model implies that tissuedeformation

is characterizedby two distinct stages.When the brain is subjected to a load there is an

instantaneousdeformation at the contact area followed by a secondstageof additional

deformation from exiting interstitial °uid. Gradients of interstitial °uid pressureare

distributed volumetrically, hence,the net body force acting on a given volume is the

interstitial pressuregradient integrated spatially over that volume. The above concepts

can be described mathematically using Equation (5.1). Although the interstitial °uid

is incompressible,the interstitial spaceis not necessarilysaturated with the °uid, i.e.,

gaseousvoidsmay be present. This canbe conceptualizedasa net compressibility which

acts to delay the distribution of pressureand createa moredi®usion-like behavior of the

pressurerather than the instantaneouspropagation associated with incompressibility,

Equation (5.2):

r ¢Gr u + r
G

1 ¡ 2º
r ¢u ¡ ®r p + (½t ¡ ½f )g = 0; (5.1)

®
@
@t

(r ¢u) +
1
S

@p
@t

¡ r ¢kr p = ª : (5.2)

In these equations, the functions u and p are the displacement vector and pore °uid

pressureto be computed,and the remaining parametersare de¯ned in Table 5.1. Finite

element treatment of equations5.1 and 5.2 in the pore °uid pressureleadsto a modi-

¯cation of the discretematrix systemfor time advancement of the solution reported in

[64]. The solution to equations5.1 and 5.2 is obtained by applying known boundary
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Table 5.1: Parametersusedin the brain model equations
parameter description typical value

G shearmodulus 2100Pa
º Poisson'sratio 0.46
½t density of brain tissue 1000kg

m3

½f density of surrounding °uid 1000kg
m3

k hydraulic conductivity 1 £ 10¡ 7 m3s
kg

® ratio of °uid vol. extracted to changein solid vol. 1
1=S °uid that can be forced into the tissue 0

under constant vol.
ª pressuresourcestrength 0Pa/s

and volumetric forcing conditions and solving for u and p. The material parametersin

this equation are basedon values in the literature, as well as those deducedthrough

optimization in our own experiments [61].

These boundary and volumetric forcing conditions include °uid saturation in the

lower portion of the brain, the gravitational direction acquired during surgery, stress-

freeconditions at the craniotomy and at the highestelevation of the brain, zeronormal

displacement and zero tangential traction beneath the remainder of the cranium, free

°ow of °uid at the craniotomy site, and no °ow of °uid beneath the rest of the cra-

nium. With the constraints of theseconditions, the brain model producesa prediction

of deformation over the entire patient's brain.

The estimated intraoperative displacement is incorporated into the brain model as

follows. For each craniotomy node for which a displacement was estimated, the corre-

sponding ¯nite element equationsare preciselyenforcedby this displacement [75, 24].

The output of this brain model is a displacement ¯eld over the entire patient brain,

which is then usedto update the entire pMR volume.
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5.2 In traop erativ e Up date

The brain model guided by the intraoperative data can now be used to update the

pMR volume to re°ect the changesoccurring during surgery. First, the bony skull

corresponding to the craniotomy site is removed from the pMR volume. This region is

identi¯ed by rigidly registering the estimated cortical surfacein the OR spaceto the

pMR volume. Once overlayed, the estimated cortical surfacede¯nes the boundariesof

the region of the pMR volume to be removed. Second,the brain model displacement

¯eld is applied to the entire brain in the pMR volumeto update the internal tissue. The

updated MR (uMR) volume is a combination of the remodeledskull and the deformed

brain.

5.3 Results

In the previous chapter, three neurosurgical procedures(surgeries2, 3, and 4 from

Table 3.1) were usedto illustrate how the baselinecortical deformation was estimated.

In this chapter, weusetheseestimatedintraoperativedata to guideour poroelasticmodel

for recovering full brain deformations. Someof theseresultshave appearedin [82]. Here

the patients's characteristicsand the estimatedcortical motion relative to pMR volumes

are stated again. Surgery 2 in Table 3.1 involved a 63-year-old female with a right

temporal hemangiomaand MCA aneurysm.Surgery3 involved a 62-year-oldmale with

a renal cell carcinoma in the right posterior temporal region of the brain. Surgery 4

involved a 62-year-old male with renal cell carcinoma in the right posterior temporal

region of the brain. For surgery 2, of the 174 craniotomy nodes,112 collapsedand 62

distended. The averagedisplacement of collapsingnodeswas4:76mm,with a maximum

of 8:66mm and a minimum of 1:57mm. The averagedisplacement of distending nodes

was 3:54mm, with a maximum of 5:64mm and a minimum of 0:12mm. For surgery

3, all 44 craniotomy nodes distended. The averagedisplacement was 6:29mm, with a
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Figure 5.1: The intraoperative cortical surface(yellow) overlayed with two axial slices
and two coronal slicesfrom the pMR volume (top row) and the sameslicesfrom uMR
volume (bottom row).

maximum of 9:03mm and a minimum of 2:95mm. For surgery 4, all 48 craniotomy

nodesdistended,with an averagemagnitude of 14.35mm,a maximum of 17.82mmand

a minimum of 10.45mm.Theseresults are alsopresented in Figure 4.5 and Table 4.1 in

the previouschapter.

5.3.1 In traop erativ e Up date

The estimated cortical displacement (previous chapter) was used to guide the bio-

mechanical model, as described in Section 5.1. This model generateda displacement

¯eld which was then applied to the pMR volume. Figures 5.1, 5.2 and 5.3 present the

results from the three surgeries.The top row in each ¯gure consistsof the pMR slices

(two axial slicesand two coronalslices)with the reconstructedcortical surfaceoverlayed

in yellow. Note the misalignment betweenthe intraoperative and preoperative surfaces.
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Figure 5.2: The intraoperative cortical surface(yellow) overlayed with two axial slices
and two coronal slicesfrom the pMR volume (top row) and the sameslicesfrom uMR
volume (bottom row).

The bottom row displays the intraoperative surfaceoverlayed with the updated MR

(uMR). Note that thesesurfacesare now in good alignment.

5.3.2 Validation Using Co-registered iUS

In the previous section we showed how the incorporation of measuredcortical motion

into brain models can more accurately represent the surface of the brain. Here, we

demonstratehow this correction can more accurately compensatefor tissuemotions in

the interior regionsof the brain as well.

Three MR volumesfrom both surgery2 and surgery3 wereselectedfor comparison:

the pMR volumes,and the two uMR volumesgeneratedby the brain model with and

without stereopsisguidance.In the model calculationguidedby stereopsis,the boundary

condition at the craniotomy site was of type I, constraining the cortical surfaceto the
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Figure 5.3: The intraoperative cortical surface(yellow) overlayed with two axial slices
and two coronal slicesfrom the pMR volume (top row) and the sameslicesfrom uMR
volume (bottom row).

observed deformation, whereasfor the model without guidance,the boundary condition

on the exposedsurfacewas a type II, stressfree condition. All other forcing conditions

were identical for the two model calculations usedto generatethe uMR volumes. The

location of a sub-surfacetumor was comparedin all three of theseMR volumeswith

intraoperative ultrasound (iUS) 1. Prior to surgery, the iUS was calibrated and its 2-D

image plane was rigidly registered to the world frame de¯ned by the Polaris System

and then to the pMR volume [49]. For each iUS image,a corresponding oblique image

slice from the MR volume was formed by computing the intersection between the co-

registerediUS image plane and 3-D MR volume. The sampling lattice of the oblique
1A 2-D iUS was employed (SONOLINE Siennadigital ultrasound, SiemensMedical Systems,Elm-

wood Park, NJ, USA) with a 5MHz curved array. A 6cm depth scalewas used,and the iUS transducer

wasrigidly attached with a 3-D spatial tracking device(Model TT002-C, Traxtal Technologies,Toronto,

Ontario, Canada).
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Figure 5.4: MR (red) and US (green) overlays from surgery 2. Three di®erent iUS
imagesand their corresponding MR slicesare shown in each column. The top row is
the pMR volume, the middle row is the uMR with stereopsisguidance,and the bottom
row is the uMR without stereopsisguidance.

MR imagewaschosento be the sameasthe iUS imageand a color imageof the overlay

betweenthe two wasformed with the iUS imagein greenand the corresponding oblique

MR slice in red. Figures 5.4 and 5.5 are representativ e examplesfrom the ¯rst and

secondsurgery, respectively.

Shown in each column of each of the two ¯gures are three di®erent iUS imageswith

their corresponding MR slices. The top row is the pMR volume, the middle row is

the uMR with stereopsisguidance,and shown in the bottom row is the uMR without
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Figure 5.5: MR (red) and US (green) overlays from surgery 3. Three di®erent iUS
imagesand their corresponding MR slicesare shown in each column. The top row is
the pMR volume, the middle row is the uMR with stereopsisguidance,and the bottom
row is the uMR without stereopsisguidance.

stereopsisguidance. Note that, in both Figures 5.4 and 5.5, the sub-surfacetumors in

the iUS are in good alignment with the uMRs with stereopsisguidance,but aregenerally

in poor alignment in the other volumes. Note also, in both Figures 5.4 and 5.5, that

the surfacesof the iUS transducer in the middle rows are well aligned with the cortical

surfaces.

To quantify this improvement, we manually outlined the tumor in the pMR vol-

ume, in the stereopsis-guideduMR volume, in the non-guideduMR volume, and in the

corresponding iUS imagesfrom surgery 3. Thesecontours were aligned using the ICP
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Table 5.2: Comparison of tumor alignment between MR volumes and co-registered
iUS

MR Volume max min mean
(mm) (mm) (mm)

pMR 8.7 1.9 5.2
stereo-guideduMR 5.3 0.4 2.8
non-guideduMR 10.5 2.6 6.5

algorithm, asdescribed in Chapter 4. The alignment errors betweentheseMR volumes

and iUS are presented in Table5.2. The meanalignment error wasreducedfrom 5:2mm

betweenpMR and iUS to 2:8mm betweenstereo-guideduMR and iUS. The sameerror,

however, increasedfrom 5:2mm to 6:5mm whenthe brain model wasnot deployedunder

stereoguidance. This was due to the fact that, without intraoperative data, the model

predicted a collapsingtissue motion in responseto the craniotomy and dural opening.

The exampleillustrates that motion estimation at the surfaceis capableof improving

the accuracy of the entire updated image volume of the brain, including sub-surface

regions.

In summary, wehavedesignedand implemented an intraoperativestereovision (iSV)

systemcapableof estimating the 3-D shape of the surgical scenein near real-time. In

three clinical examples,we have estimated the deformation of the cortical surfaceupon

the opening of the dura. The intraoperative cortical displacement is then usedto guide

a full brain deformation model, which updates the pMR volume. We have shown that

the estimatedcortical shape and motion is able to guidea full brain deformation model,

allowing it to accuratelycompensatefor signi¯cant shifts both at and below the cortical

surface.In an exemplarycase,we report an averageerror reduction of 3:7mm relative to

the model estimate without using intraoperative data. In the next chapter, we extend

our modeling method to a di®erent stageof a surgicalprocedure,wheretissueretraction
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is modeledwith the guidanceof the stereoscopicdata.
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Chapter 6

Tissue Retraction

During neurosurgery, the surgeonoften employs retractors to intentionally deform the

tissue in order to gain accessto deeper structures. Although the retraction of brain

parenchyma during surgery is common, detailed studies of the e®ectsof retraction on

tissue are few [32]. Existing simulations are largely limited to qualitativ e descriptions

of the retraction process[45] and are not capableof producing an accurateestimate of

the mechanical e®ecton the parenchyma.

As we have seenin the previouschapter, computational brain modelshave proven to

be powerful in compensatingfor brain shift, but their successhasbeenlargely limited to

the initial tissueresponseto the craniotomy and dural opening. Miga et al. proposeda

strategy for digitizing the motion of the retractor and the volumeof the resectioncavit y

in order to incorporate thesechangesinto a brain model [59]. In their initial attempt, the

intraoperative data wereonly qualitativ ely estimatedbasedon preoperative imagesdue

to the di±cult y in tracking surgical tools and the brain surfaceduring surgery. Using

porcinesubjects, Platenik et al. [65] demonstratedthat their brain deformationmodel is

capableof capturing 75%- 80%of the tissuemotion generatedduring interhemispheric

retraction.

In order to accurately model the retraction of a human brain, we employ the iSV
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systemto capturethe motion of a retractor and continuouslymonitor the cortical motion

during tissue retraction. The measuredmotion of the retractor is incorporated into

the brain model to produce full volume deformation estimates,which are then usedto

update the pMR volume. Using this approach, we have modeled tissue changesboth

during retraction and after the releaseof the retractor in a clinical case.

6.1 A Clinical Case

The modelingof tissueresectionfollowsthe samestrategy aspresented in the last section

of Chapter 1. A clinical casestudy is presented to illustrate how weusethe motion of the

retractor to model the tissue retraction process.The patient was a 52-year-old female

with a right sphenoidwing meningioma. 1 Becauseof the location of the tumor, the

surgeonperformeda craniotomy at the right temporal region of the skull and retracted

the brain tissueat the craniotomy site in order to gain accessto the tumor. In order to

capture the motion of both brain and surgical tools, the iSV systemwasusedto record

the surgical ¯eld every ten secondsduring the entire procedure.

Prior to surgery, the iSV systemwascalibrated to obtain the intrinsic and the extrin-

sic cameraparameters. After the patient was anesthetizedin the OR, patient registra-

tion was performedusing seven scalp-attached ¯ducials. FRE and TRE of the patient

registration were1.98mmand 1.78mmrespectively.

Prior to surgery, a standard volumetric MRI was obtained for the patient using

1.5 Tesla GE MR scanner,and the brain was segmented. A ¯nite element mesh was

generatedfrom the resulting segmented brain and registeredto the real-time microscope

imagesacquired at the start of surgery, as shown in Figure 6.1(left and middle). The

surfacenodes that correspond to regionsof the craniotomy site (lighter gray) and the

tissue underneath the retractor (darker gray) are identi¯ed using the rigid registration

1This surgery is not listed in Table 3.1.
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Figure 6.1: Shown, from left to right, are (a) the results of projecting the meshsurface
nodes onto the surgical scene,where the nodes within the craniotomy boundary are
plotted as asterisksand the others as open circles; (b) a secondprojection of the mesh
surfacenodes,where those corresponding to brain tissue underneath the retractor are
plotted asasterisksand the othersasopencircles;and (c) the meshwith the craniotomy
nodescolored in lighter gray and the retractor nodescolored in darker gray.
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betweenthe microscope view and the pMR volume, as shown in Figure 6.1(right).

Shown in Figure 6.2(top) is a stereopair of the retracted brain tissue. From these

images,shapesof the retractor and the cortical surfacewere computed. Theseshapes

wereoverlaid with the preoperativemeshto illustrate the tissuedeformation,asshown in

Figure 6.2(bottom). As a result of tissueretraction, the anterior portion of the exposed

cortical surfacecollapsedand the posterior portion of the cortical surfacedistended.

From the retractor nodesin Figure 6.1 and the shape of the blade in Figure 6.2, the mo-

tion of the retractor wasestimatedusing the ICP algorithm. Of the 13 retractor nodes,

8 collapsedand 5 distended. The averagedisplacement of collapsingnodeswas9:23mm,

with a maximum of 12:34mm and a minimum of 4:34mm. The averagedisplacement of

distending nodeswas5:42mm,with a maximum of 6:34mmand a minimum of 2:45mm.

The estimated retractor motion was used to guide the brain deformation model,

as described in Chapter 5. This model produced a displacement ¯eld which was then

applied to the pMR volume. Figure 6.3 presents the result from this update. The

imageson the left are the axial slicesin the pMR volumewith the reconstructedcortical

surface(white curves) overlaid. Note the misalignment betweenthe intraoperative and

preoperativesurfaces.The imageson the right display the intraoperativesurfaceoverlaid

with the updated MR (uMR). Note that thesesurfacesare now in better alignment.

6.2 Validation

In order to con¯rm the viabilit y of our approach in modeling tissueretraction, we com-

paredthe model-estimatedcortical motion with the samemotion capturedvia stereopsis.

Given the accuracyof the iSV systemat approximately 1mm [82], we considerthe latter

estimate as closeto the ground truth. The cortical surfacesurrounding the retractor

was usedas an independent evaluative landmark.

To begin, the retractor nodeswere subtracted from the craniotomy nodes. The re-
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Figure 6.2: Shown are: the stereopair of the retracted brain (top); relative position
of the retractor (black arrow) and the deformed cortical surface(dotted arrow) to the
preoperative mesh(bottom left) and a close-upview of the same¯gure (bottom right).

maining craniotomy nodes,corresponding to the cortical surfacesurroundingthe retrac-

tor, were selectedfor comparison. This set of surfacenodeswas de¯ned as the cortical

nodes. As described previously, the brain model had predicted a displacement for each

cortical node. From the stereopair shown in Figure 6.2, the shape of the cortical surface

surrounding the retractor wasestimated. Using the method described in Chapter 4, the

stereo-basedestimateof the exposedcortical surfacewascomparedwith the correspond-

ing meshsurface,i.e., the cortical nodes, to obtain their displacement. Of 24 cortical

nodes,the stereo-basedstrategy estimated that, 15 of thosenodescollapsedand 9 dis-

tended during retraction. The averagedisplacement of collapsing nodes was 8:76mm,
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Figure 6.3: The retracted cortical surface (white curves) overlaid with axial slices
from the pMR volume (top) and the sameslicesfrom uMR volume (bottom).
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with a maximum of 10:65mm and a minimum of 2:46mm. The averagedisplacement of

distending nodeswas4:64mm,with a maximum of 5:64mmand a minimum of 1:83mm.

Wenext computed,for each cortical node, the absolutedi®erencebetweenthe stereo-

and model-estimateddisplacement. The relative di®erencewas determined as the ab-

solute di®erencedivided by the amount of displacement estimated via stereopsis.The

¯nal error estimateswere cast as the percent capture of tissue motion by subtracting

each relative di®erencefrom 100 percent. Theseerror estimateswere computed in all

Cartesian directions (X ; Y; Z ) and in overall magnitude, Table 6.1. In this particular

case,we have found that our model wascapableof capturing approximately 75%of the

cortical motion.

In order to further con¯rm the viabilit y of our approach, we have employed the same

strategy to model tissue changesafter the releaseof the retractor. Thirt y secondsaf-

ter the stereopair in Figure 6.2 was acquired, the iSV systemrecordedanother stereo

pair shown in Figure 6.4 (top). The shape of the cortical surfacewas estimated using

stereopsisand overlaid with the uMR generatedduring tissue retraction, as shown in

Figure 6.4(bottom left). Note that the cortical surfacedid not fully recover from the

induced tissue deformation. The motion of the retractor nodeswas tracked during the

recovery phaseafter blade removal. Of 13 cortical nodes, four collapsedand nine dis-

tended after the tissuewas released.The averagedisplacement of collapsingnodeswas

2:43mm,with a maximum of 4:26mmand a minimum of 1:02mm. The averagedisplace-

ment of distending nodes was 7:32mm, with a maximum of 9:18mm and a minimum

of 4:69mm. Theseretractor node displacements were usedto guide the brain deforma-

tion model for updating the uMR generatedduring retraction. The imageson the right

display the current cortical surfaceoverlaid with the uMR generatedafter 30 seconds

during the recovery phase.Note that, comparedto the imageson the left, the alignment

betweenthe intraoperative cortical surfaceand the surfacein the uMR improved as a

result of this update. For this modeling step, we alsocomparedthe motion of the corti-

cal nodespredicted by the model with the stereoestimation. The model wascapableof
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Table 6.1: Percent Capture
of Deformation During Re-
traction

mean max min
X 71.6 97.4 56.7
Y 66.3 89.9 44.3
Z 82.1 98.9 64.4

magnitude 74.8 97.2 53.1

Table 6.2: Percent Cap-
ture of Deformation After
Retraction

mean max min
X 69.2 94.3 49.2
Y 78.1 98.4 55.4
Z 65.3 92.1 45.1

magnitude 72.3 96.8 47.9

capturing approximately 72%of the cortical motion during the recovery phase,asshown

in Table 6.2.

In summary, we have presented a technique for modeling tissueretraction. By mon-

itoring changesin the surgical ¯eld every ten seconds,we have estimated the motion

of a retractor and its concomitant cortical surfacemovement. The retractor motion is

then usedto drive brain deformation models for updating the pMR volume. Using the

cortical surfacesurrounding the retractor as an independent evaluative landmark, we

show that our approach can recover on averageapproximately 75%of the tissuedefor-

mation. So far, we have completedour discussionon using stereoscopicallyestimated

intraoperative data to guide the brain model to compensatefor brain shift. Next, we

present someother cortical motions captured by the iSV systemduring surgery.
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Figure 6.4: Stereopair of the surgical scenetaken 30 secondsafter the retractor was
released(top); The intraoperative cortical surface (white curves) overlaid with axial
slices from the uMR volume generatedduring retraction (bottom left) and the same
slicesfrom uMR volume generatedafter retraction (bottom right).
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Chapter 7

Other T yp es of Cortical Motion

Advantages of our iSV system include its fast acquisition rates, predominantly auto-

mated steps, and overall accuracy. As described below, thesecharacteristics allow us

to capture other important cortical behavior that enhancesimage-guidanceand overall

clinical decision-makingduring surgical procedures.

7.1 Resection Cavit y

Tissue resection is the major objective in many neurosurgicalprocedures. Since the

pMR imagescannot re°ect brain deformations, there is a needto update the informa-

tion regarding the location of a target lesion. To date, intraoperative MRI/CT and

intraoperative US are the only modalities employed for intraoperative imaging. While

iMRI is costly, the void in the resectioncavit y poseschallengefor ultrasound.

We have employed our iSV systemto provide a real-time update of the tissuetopol-

ogyat the craniotomy site referencedto the initially registeredpMR. Weusesurgery2 in

Table 3.1 as an exampleto illustrate how the shape of the resectioncavit y is captured.

This operation involved a 63-year-old female with a right temporal hemangiomaand

MCA aneurysm. During surgery, the tumor in the right parietal region was resected
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and a resectioncavit y was created. A stereo pair acquired at this stage is shown in

Figure 7.1. The shape of the cortical surface, including the resectioncavit y, was re-

constructed,as shown in Figure 7.1 (bottom) from two di®erent vantage points. Using

the techniquesdescribed in the previoussection, the reconstructedcortical surfaceand

resectioncavit y are presented asyellow lines in the pMR space,asshown in Figure 7.2.

The abilit y to provide surgicalguidancewasfurther enhancedthrough the illustration of

the progressionof tissuedeformationduring surgery. Here,the cortical surface,after the

opening of the dura, was also plotted (green) in the preoperative image volume. Note

that the resectioncavit y extendedinto the tumor region in the pMR and the cortical

surfacedeformedsigni¯cantly after tissueretraction and resection.Note that the resec-

tion cavit y did not encompassthe tumor. This is likely due to the subcortical tissue

deformation resulting from the resection.

Tissueretraction and resectioncanalsobe mathematically modeledfor updating the

pMR images.Miga et al. proposeda strategy to model the e®ectof tissueretraction and

resection[59]. Their technique requiresthe identi¯cation of the resectedtissuevolume.

In their initial attempt, the resectedtissuevolumewasidenti¯ed manually basedon the

pMR imagesof the expectedtumor margin. Using the iSV system,we can perform this

task intraoperatively and obtain much more accurateresults. Shown in Figure 7.3 are

the pMR imageswith the resectedarea painted in green. The resectedarea consists

of the resectioncavit y reconstructedusing stereopsisand the tumor volume manually

segmented from the pMR volume. Our iSV systemo®ersthe abilit y to continuouslyand

intraoperatively monitor the shape of the cortical surfaceduring resection. It is only

able to continuously estimate the shape of the cortical surfaceduring resection. The

ICP algorithm is not suitable for tracking tissuemotion resulting from resectiondue to

the complexand nonrigid tissuedeformation pattern.
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Figure 7.1: Stereo pair of the surgical scene(top) after partial tumor resection and
reconstructed cortical surface (bottom, units on axes are in millimeters.) with the
resectioncavit y viewed from two di®erent vantage points.
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Figure 7.2: Reconstructed cortical surfacewith the resectioncavit y (yellow) plotted
in registered pMR slices. Note that the cavit y extends to the tumor region in the
preoperative volume. The cortical surface after dural opening is also shown (green)
for comparison. Note the signi¯cant tissue motion after tumor resection and that the
reconstructed bony edgeof the craniotomy, as expected, remains fused with the skull
in theseimages.
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Figure 7.3: Shown are the pMR imageswith the resectedtissue volume painted in
green.
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7.2 Brain Pulsation

In 1987,Feinberg et al. described what they believed to be the ¯rst observations and

measurements of human brain motion, which occurs in extensive internal regions(par-

ticularly the diencephalonand brainstem) and is synchronouswith cardiac systole[23].

This physiologic motion of the brain re°ects the response of the brain parenchyma,

spinal chord, and CSF to changesin arterial and venouspressuresand volumesduring

the cardiac cycle [27, 19]. The pulsatile motion can also be observed at the cortical

surfaceat the site of craniotomy, but the degreeof thesemotions variesamongpatients.

To estimate the pulsation of the cortical surface, a video of the surgical sceneis

acquired at 15 frames per second. Each frame consistsof a stereo image pair. The

operating microscope is kept stationary during the image acquisition to minimize the

tracking error. From the ¯rst image pair in the video, several cortical features were

chosento be tracked. As described earlier, the motions of thesefeatureswereestimated

over the duration of several seconds.

Shown in Figure 7.4 are the cortical surfacescaptured during surgery2 and surgery

6 (left and right respectively). Surgery 2 involved a 63-year-old female with a right

temporal hemangiomaand MCA aneurysm.Surgery6 involved a 38-year-oldmale with

a cystic glioma in the left temporal lobe of the brain. Three points on each of the

cortical surfaces(indicated by a circle, an asterisk and a triangle) were selectedfor

tracking for a duration of approximately two cardiaccycles.The displacements of these

featureswere measuredrelative to their locations at the beginning of tracking. These

displacements are plotted with respect to time in Figure 7.4. The patient in surgery

6 shows a pulsation with a maximum amplitude of nearly 2mm, while the patient in

surgery 2 shows practically no motion (an absolute displacement smaller than 0.5mm

is likely due to noise in the reconstruction). The factors that in°uence the pulsation

of the brain may include patient's sex,age,tissue pathology, cardiac output, and drug

administration. With the abilit y to track the cortical motion, we now can study the
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relationship betweenthesefactors and the pulsation of the brain. The variation in brain

pulsation may be correlatedto the physiologicalcharacteristics;thus it may be valuable

to quantify this motion.

0 0.2 0.4 0.6 0.8 1 1.2
-2

-1.5

-1

-0.5

0

0.5

1

1.5

Time (sec)

D
is

pl
ac

em
en

t (
m

m
)

0 0.2 0.4 0.6 0.8 1 1.2
-2

-1.5

-1

-0.5

0

0.5

1

1.5

Time (sec)

D
is

pl
ac

em
en

t (
m

m
)

Figure 7.4: Comparison of cortical pulsations between the patient from surgery 2
(upper left) and the patient from surgery 6 (upper right). Three points, indicated by
a circle, an asterisk, and a triangle, were tracked over a duration of approximately two
cardiac cycles. The pulsatile motion of the patient in surgery 6 (lower right) is much
more pronounced (approximately 2mm) than that of the patient in surgery 2 (lower
left).
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Chapter 8

Discussion

The work described in this thesis is motivated by the concernover the misregistration

betweenthe preoperative imagestudiesand the patient anatomy during surgerycaused

by brain tissuedeformation in an open cranium procedure.Due to this misregistration,

the preoperative imagevolume needsto be updated to re°ect thesechanges.A promis-

ing strategy in compensatingfor brain shift combinesbiomechanical brain deformation

models with intraoperative data to predict the full-volume tissue motion. Aiming at

gaining the cortical displacement data, we have designedand implemented an intraoper-

ativestereovision (iSV) systemcapableof estimating the 3-D shapeof the surgicalscene

in near real-time. In this chapter, we summarizethe results from both phantom experi-

ments and clinical studiesthat support the conclusionsthat (1) stereopsisis an accurate

and e®ective way to estimate cortical motions and (2) stereopsis-driven deformation

models are an accurateand e®ective meansof compensating for brain shift. Following

theseconclusions,future works to improve the current systemare alsosuggested.
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8.1 Stereopsis

Central to the strategy of stereopsis-guidedbrain shift compensationis the estimation of

brain motion during surgery. Similar to other studiesusing laser rangescanners[1, 60]

and stereopsis[77], we have also designeda non-contacting strategy that measuresthe

3-D cortical shape usingstereopsis.Our stereosystemis incorporated into the standard

stereoscopicoperating microscope. This system acquiresstereo imagesat 15 frames

per secondwithout interrupting the surgical procedure. Given a stereoimagepair, the

system automatically reconstructs the 3-D shape of the cortical surfaceevery minute

(running on a 1.1GHzcomputer). The motion of the estimated cortical surfaceis then

tracked over time by comparing the di®erent shapes of thesesurfaces. The estimated

cortical motion is usedto guidea full brain deformation model, which updatesthe pMR

volume.

As comparedto laserrangescanners,our systemis faster and requiresno additional

imaging devices. As compared to iMRI or iCT, it is less expensive, much easier to

implement, and doesnot interrupt the surgeryduring acquisition. As comparedto iUS,

it is more reliable in ¯nding the samefeature for tracking and does not require tissue

contact; hence,it doesnot introduceadditional deformations.

To assessthe accuracyof the iSV system,we comparedthe localization of points in

3-D with an optical stylus probe, a well quanti¯ed point digitizer. In our ¯rst approach,

we measured,using the stylus probe, the 3-D location of several micro-screwsusedas

¯ducial markersplacedon the bony rim of the cranial opening. During ten clinical cases,

38 ¯ducials were implanted and digitized using both methods. Each caseemployed an

averageof 3.8 ¯ducials, with a maximum of 5 and a minimum of 3. With 1000matching

tokens applied, the di®erencebetween the stereoscopicallyand stylus- estimated 3-D

locations of the markerswas 1.02mmwith a standard error of 0.07mm.

In our secondapproach, a planar geometrical pattern was constructed to better

simulate point objects. The 3-D coordinates of the intersection between the various
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geometricalshapeson the pattern wereestimatedusing both stereopsisand the optical

stylus. From the 98 intersections,the RMS di®erencebetweenthe stereopsisand stylus

estimateswas 0:93mm with a standard deviation of 0:41mm. The maximum error was

1:61mm,with a minimum error of 0:20mm. The meanerrorsobservedboth in this exper-

iment and the experiments involving micro-screws(0:93mm and 1:02mm, respectively)

are closeto the accuracyfor the optical stylus of 0:87mm.

In order to con¯rm the viabilit y of our systemin estimatinga 3-D shape,wecompared

the accuracyof our stereosystemagainsta CT reconstruction. A brain-shapedphantom

wasconstructedto facilitate this process.A CT scanof the phantom wasthen obtained,

from which the shape of the cortical surfacewasmanually extracted. The phantom was

then brought to the OR, and its surfaceestimatedusingstereopsis.The meandi®erence

betweenthe shape estimatedusing stereoand the onedetectedby the CT was 1:16mm

with a maximum of 2:96mm and a minimum of 0:08mm.

In order to addressthe concernusingonly a subsetof matching tokensfor the stereo

reconstruction,we measuredthe density of the reconstructedsurfaceby computing the

distancebetweenall neighboring pairs of matching tokens. From ten clinical cases,the

point cloudsrepresenting the ¯nal estimatedsurfacescontained a meanof 1098points.

The meandistancebetweenneighboring pairs of matching tokenswas1:1mm. Basedon

thesestudies,we found that approximately 1000matching tokensis su±cient to capture

the topology of the cortical surface.

From theseseriesof experimental results,weconcludethat our iSV systemis accurate

to within approximately 1mm. This accuracyservesas a solid basisfor the tracking of

cortical motion, which is performedby comparingthe shape of the cortical surfaceover

time.
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8.2 Cortical Tracking

The tracking of the cortical surfaceinvolves two phases: (1) the ¯rst stereoscopically

estimated cortical surfacein the OR is comparedwith the cortical surfacein the pMR

volume to establish the baselinecortical motion; and then (2), the cortical surfaceis

continuously tracked in the OR by comparing the current shape of the cortical surface

with the previously estimatedshape. In both phasesof motion tracking, we employ the

iterativ e closestpoint (ICP) algorithm to simultaneously establishthis correspondence

betweendi®erent shapesof the cortical surfaceand estimate the displacement.

To quantify the accuracyin tracking of the cortical surface,we againcompareresults

obtainedthrough stereopsiswith optical stylus measurements. In a clinical caseinvolving

a cyst drainage, three cortical featureswere digitized using the stylus beforeand after

the cortical deformation and the displacement vectors associated with these features

were then computedbasedon the digitization data. When using stereopsisfor tracking

thesecortical points, we manually locatedthem on the reconstructedsurfacebeforecyst

drainage. The displacement of each feature was then calculatedusing ICP and using a

simplegravitational saggingmodel (GS). In this particular case,comparedto the stylus

estimation, ICP underestimatedthe cortical displacement by approximately 1.9mmand

GSoverestimatedthe cortical displacement by approximately 1.0mm. The quanti¯cation

of the tracking error is especially challenging becauseof the lack of ground truth [40].

While the stylus probe de¯nes the world (OR) coordinate system,which is regardedas

\ground truth", it also contributes an error component although if well calibrated the

probe error is expectedto be small. This error, however, may be exacerbateddue to the

inaccuraciesin locating precisely the sameposition on the cortical surfacebefore and

after cyst drainage.

We recognizethat the error in tracking the cortical surfacein the OR may be higher

than either that associated with localizing points in 3-D or that obtained during phan-

tom studiesof the cortical shape. In particular, the correspondencesbetweentwo recon-
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structed cortical shapeswere establishedby minimizing the overall Euclidean distance

between the two shapes, i.e., the iterativ e closestpoint algorithm. The true charac-

teristics of tissue motion may in fact be more complex than that represented by this

assumption. For example, the tissue motion induced by resection, as shown in Fig-

ure 7.2, is largely non-rigid. Therefore, the ICP algorithm may not be suitable for

tracking tissuemotion during resection.

8.3 Brain Shift Comp ensation

The mostsigni¯cant bene¯t of our systemis that the estimatedcortical shapeandmotion

is able to guide a full brain deformation model, allowing it to accurately compensate

for signi¯cant shifts both at and below the cortical surface. For each craniotomy node

for which a displacement was estimated, the corresponding ¯nite element equationsare

preciselyenforcedby this displacement. Under the guidanceof the cortical displacement,

the poroelastic brain model generateda displacement ¯eld which was then applied to

the pMR volume.

In three clinical cases,we show that the model wasable to accuratelycompensatefor

signi¯cant shift at the cortical surface.In two of theseclinical cases,intraoperativeultra-

soundwas employed to demonstratehow this correction more accurately compensated

for tissuemotions in the interior regionsof the brain. To quantify this improvement, we

manually outlined the tumor in the pMR volume, in the stereopsis-guideduMR volume,

in the non-guideduMR volume,and in the corresponding iUS imagesof onesurgery. The

meanalignment error of tumor marginsbetweenMR and iUS wasreducedfrom 5:2mm

betweenpMR and iUS to 2:8mm betweenstereo-guideduMR and iUS. The sameerror,

however, increasedfrom 5:2mm to 6:5mm when the brain model was not under stereo

guidance. In this particular case,an averageerror reduction of 3:7mm was observed

relative to the model estimate without using intraoperative data.
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We also applied the stereopsis-guidedbrain shift compensation strategy to the de-

formation inducedby retraction. In another clinical example,by monitoring changesin

the surgical ¯eld every ten seconds,we have estimatedthe motion of a retractor and its

concomitant cortical surfacemovement. The retractor motion is then usedto drive the

brain deformation model to update the pMR volume. Using the cortical surfacesur-

rounding the retractor asindependent evaluative landmarks,we show that our approach

can recover on averageapproximately 75%of the tissuedeformation.

From these clinical examples,we conclude that cortical data driven deformation

models do hold promise as cost-e®ecitive and e±cient meansof providing updates to

the preoperative imagevolume so that the accuracyof an image-guidedsystemcan be

maintained during surgery.

8.4 Other T yp es of Cortical Motion

As we have seenfrom both phantom studies and clinical cases,advantagesof our iSV

system include its fast acquisition rates, predominantly automated steps, and overall

accuracy. Thesecharacteristics allow us to capture other important cortical behavior

that enhancesimage-guidanceand overall clinical decision-makingduring surgical pro-

cedures.

One of theseimportant cortical changesis the resectioncavit y. We have employed

our iSV systemto provide a real-time update of the tissue topology at the craniotomy

site referencedto the initially registeredpMR. Although it is challengingto recover the

tissue motion in responseto the resection,the estimated resectedvolume can be used

for the modeling of the tissue resection,a strategy proposedby Miga et al. [59]. Our

iSV systemis capableof estimating the resectedvolume intraoperatively.

Another utilit y of the iSV system is its abilit y to measurebrain pulsatilit y, whose

relationship to both normal and pathological patient conditions warrants further inves-
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tigation.

8.5 Future Works

In light of thesesuccesses,we are consideringseveral extensionsto the system. First,

we plan to expedite the processof stereoscopicreconstruction. With somere¯nement of

the code and a faster computer, the stereoreconstructioncan be executedat essentially

the imageacquisition rate of 15 framesper second.The current cortical surfacetracking

also involvessomemanual steps,which we plan to eliminate.

There are two ways in which we would like to improve the cortical surfacetracking.

First, during the ¯rst phasestageof cortical tracking, the preoperative meshis usedas

the starting point of tracking. The tracking result at this stagerelies on the accuracy

of both the brain segmentation and registration betweenthe pMR volume and the OR

space.Due to the limited MR imageresolution and the uncertainty in brain segmenta-

tion, the ¯nite element meshsurfacemay not correspond to the true cortical surfacein

the pMR volume. Sincethe brain deformation is minimal prior to opening of the dura,

the shape of the cortical surfaceestimated via stereopsismay be used to improve the

tracking accuracyduring PhaseI. Second,the ICP algorithm is deployed to establish

the correspondencesbetweenthe preoperative meshand the estimatedcortical surface.

This registration is constrainedto a rigid transformation, and will not fully capture the

often non-rigid tissue motion. We are therefore investigating more sophisticated and

°exible tracking algorithms that allow us to correlate featuresin the microscope image

with the reconstructedcortical surface.

In the modeling step, the estimatedcortical surfacedisplacement is useddirectly as

type I boundary conditions to guide the brain model. This strategy o®ersa convenient

way of constrainingthe model estimation with intraoperativedata and achievesa perfect

match betweenthe data and the model prediction at the points of constraint. Studies
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conductedby Lunn et al. [50, 48], however, have shown that an exact ¯t to the displace-

ment data may comeat the expenseof introducing unrealistic forcesat the measurement

sites. Furthermore, the inevitable presenceof measurement error suggeststhat enforcing

an exact ¯t to the data may not lead to a correct full-volumedisplacement estimate. We

are evaluating several alternative meansof incorporating intraoperative data into the

model in order to avoid theselimitations. We also plan to combine estimated cortical

displacement data with interior brain motion obtained using iUS.

In the modeling of retraction, we plan to further validate our approach through

imaging subsurfaceregionsof the brain using co-registeredintraoperative ultrasound.

In addition, in order to improve the modeling results, we plan to test other more so-

phisticated boundary conditionsat the retraction site, in order to producemorerealistic

tissuemotion such as traction along the retractor blade. Finally, we plan to investigate

the role of the material properties of the brain in the ¯nite element model. The abilit y

to continuously monitor tissuebehavior during the retraction processhas the potential

of generatingmore realistic and patient-speci¯c model parameters,which may improve

the accuracyof the model estimate.

We would like to model tissue resectionby incorporating the stereoscopicallyesti-

mated resectionvolume into the brain model. Note that, in Figure 7.2, the resection

cavit y (yellow) did not encompassthe entire tumor. This is likely due to subcortical tis-

suedeformation in responseto the resection,itself, which wasnot quanti¯ed in this case

and deservesmore attention in the future. We are alsoworking on the synchronization

of the brain pulsatile motion with the patient's cardiac cycle and other physiological

parametersto investigateits relationship to both normal and pathological patient con-

ditions.

In summary, we have designed,implemented, and tested an end-to-endsystemfor

measuringintraoperative cortical motion, and have shown that thesemeasurements can
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be usedto more accurately compensatefor brain shift.
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App endix A

Non-coplanar Calibration

Assumingthe cameramodel described in Section2.1.1,we needto estimate the camera

parametersconsist of 11 unknowns (3 rotation angles (µx ; µy; µz), 3 translation com-

ponents (tx ; ty; tz), the focal length (f ), the lens distortion parameter(· 1); assuminga

¯rst-order approximation, the scalefactor (Sx ), and the 2 components of the imagecen-

ter (Cx ; Cy). A calibration target shown in Figure 2.4 is employed for the calibration.

This target is placed in the microscope ¯eld of view, as shown in Figure 2.2, and an

imageis digitized from each cameraof the stereopair. The centroid of each calibration

marker is automatically estimated and its spatial coordinates, (x f ; yf ), along with its

known 3-D positions, (X ; Y; Z ) are recorded. The calibration markers are located on

three di®erent planesand hencerequire the non-coplanarcalibration scheme. Below is

the ten-step non-coplanarcalibration proceduredeveloped by Tsai [89].

1. For each calibration point, i , with computer imagecoordinates(x f i ; yf i ), determine

the distorted sensorcoordinates (xdi ; ydi ):

xdi =
Ncxdx

N f xSx
(x f i ¡ Cx )

ydi = dy(yf i ¡ Cy); (A.1)

letting, Sx = 1, and (Cx ; Cy) be the center pixel of the computer image. These
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equationsare obtained by solving for (xdi ; ydi ) in Equation (2.8) in Section2.1.1.

2. For each calibration point, i , solve the set of linear equations:
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ydi X i
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¡ xdi Yi

¡ xdi Z i

1

C
C
C
C
C
C
C
C
C
C
C
C
C
C
C
C
C
A

T

¢

0

B
B
B
B
B
B
B
B
B
B
B
B
B
B
B
B
B
@

t ¡ 1
y Sx r1
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= xdi (A.2)

Equation (A.2) is a setof linear equationswith, sevenunknowns(t ¡ 1
y Sx r1; t ¡ 1

y Sx r2;

t ¡ 1
y Sx r3; t ¡ 1

y Sx tx ; t ¡ 1
y r4; t ¡ 1

y r5; t ¡ 1
y r6). Given seven known points (X i ; Yi ; Z i ) and

(xdi ; ydi ), the set of linear equationsmay be solved by inverting the square7 £ 7

matrix on the left hand side and multiplying by the 7 £ 1 matrix on the right

hand side. Given n calibration point (n > 7), the set of over-constrainedlinear

equationscan be solved by multiplying the right hand side by the pseudo-inverse

of the n £ 7 matrix.

3. Solve for the absolutevalue of ty:

jty j = ((t ¡ 1
y r4)2 + (t ¡ 1

y r5)2 + (t ¡ 1
y r6)2)¡ 1=2 (A.3)

Equation (A.3) stemsfrom the fact that R is a rotation matrix, as such the sum

of squaresof each column or row is equalto 1 ([r 4; r5; r6] constitute the secondrow

of the rotation matrix).

4. Determine the sign of ty:

(a) Selecta calibration point with imagecoordinates(x f i ; yf i ) and world coordi-

nates(X i ; Yi ; Z i ) whoseimagecoordinatesare not near the center (Cx ; Cy).

114



(b) Let the sign of ty be +1.

(c) Calculate the valuesx t and yt as given in Equation (A.4).

(d) If x t and x f i have the samesign and yt and Yi have the samesign, then the

sign of ty is +1, otherwise,the sign of ty is ¡ 1.

x t = r1X i + r2Yi + r3Z i + tx

yt = r4X i + r5Yi + r6Z i + jty j; (A.4)

where,

r1 = (t ¡ 1
y Sx r1)jty j

r2 = (t ¡ 1
y Sx r2)jty j

r3 = (t ¡ 1
y Sx r3)jty j

r4 = (t ¡ 1
y r4)jty j

r5 = (t ¡ 1
y r5)jty j

r6 = (t ¡ 1
y r6)jty j

tx = (t ¡ 1
y Sx tx )jty j

5. Solve for Sx :

Sx =
q

(t ¡ 1
y Sx r1)2 + (t ¡ 1

y Sx r2)2 + (t ¡ 1
y Sx r3)2jty j (A.5)

Note that onceagain, the sum of squareof [r 1; r2; r3] is equal to 1.

6. Solve for the rotation matrix R:

r1 = (t ¡ 1
y Sx r1)ty=Sx

r2 = (t ¡ 1
y Sx r2)ty=Sx

r3 = (t ¡ 1
y Sx r3)ty=Sx

r4 = (t ¡ 1
y r4)ty
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r5 = (t ¡ 1
y r5)ty

r6 = (t ¡ 1
y r6)ty (A.6)

Theseequationscomedirectly from the unknown in the set of linear equationsin

Equation (A.2), where, ty and Sx are given in Equations( A.3) and (A.5), respec-

tiv ely. The elements r 1 through r 6 constitute the ¯rst tow rows of the rotation

matrix. Using the orthonormal property of R, the third row [r 7; r8; r9] can be

computedas the crossproduct of the ¯rst two rows, [r 1; r2; r3] and [r4; r5; r6]:

r7 = r2r6 ¡ r3r5

r8 = r3r4 ¡ r1r6

r9 = r1r5 ¡ r2r4 (A.7)

7. Solve for tx :

tx = (t ¡ 1
y Sx tx )ty=Sx ; (A.8)

where,ty and Sx are given in Equations (A.3) and (A.5), respectively.

8. Determine an approximation for f and tz:

(yti ¡ dyxdi )

0

@
f

tz

1

A = wi dyydi ; (A.9)

where,

yti = r4X i + r5Yi + r6Z i + ty

wi = r7X i + r8Yi + r9Z i

Equation (A.9) stemsfrom the perspective projection equations,where lens dis-

tortion (· ) is assumedto be zero. Similar to Equation (A.2) is a set of linear

equationswith, two unknowns (f ; Tz). Given two known points (X i ; Yi ; Z i ) and

(xdi ; ydi ), the set of linear equationsmay be solved by inverting the square2 £ 2

matrix on the left hand side and multiplying by the 2 £ 1 matrix on the right
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hand side. Given n calibration points (n > 2), the set of over-constrainedlinear

equationscan be solved by multiplying the right hand side by the pseudo-inverse

of the n £ 2 matrix.

9. Compute exact solution for f ; Tz; and · 1: Using the approximation of f and Tz

from the previousstep, and · 1 = 0 as initial values,minimize the following error

function, over n calibration points, using a gradient descent optimization:

X
i = 1n(x1i ¡ x2i )2 + (y1i ¡ y2i )2; (A.10)

where,(x1i ; y1i ) arecalculatedusingthe inversetransformation: imageto distorted

sensorand distorted sensorto undistorted sensor;(x2i ; y2i ) arecalculatedusingthe

transformations: world to cameraand camerato undistorted sensor.

10. Compute imagecenter (Cx ; Cy): Using the approximation of imagecenter as the

center pixel of the computer image, minimize the error function given by Equa-

tion (A.10).
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App endix B

Real-time Correction Scheme

In Chapter 2, we described in detail the calibration steps for establishing the rigid

registration between the 3-D pMR volume and the 2-D microscope view. It might

appear that the calibration required for the registration is strictly an o®-lineprocess.

This system,however, is inherently dynamic in nature. We have found that, a one-time

calibration is simply insu±cient to provide the necessaryaccuracyover the duration of

a surgery. Shown in TableB.1 is a comparisonof the registration errors from a phantom

andclinical study. The phantom study consistsof a mannequinheadwith 20metal beads

implanted on its surface. A CT scanof this phantom is ¯rst obtained. The phantom

is then brought into the surgical room where the position of the beadsare determined

with the Polaris. A real-time 2-D image is then acquired through the microscope and

the position of each beadis measuredby hand. Shown in column oneof TableB.1 is the

averageerror in cameracalibration. Shown in column two is the averageerror between

the 2-D position of the metal beadsand the result of passingthe 3-D points in patient

spacethrough the transformation I TM
M TW

W TP . Shown in column three is a similar

error, but where the points from the 3-D pre-operative spaceare passedthrough the

transformation I TM
M TW

W TP
P TD . The clinical study consistsof a similar procedure

but with a patient undergoingsurgery. The degradationin accuracyin the clinical case
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Study CameraCalibration Registration with World Registration with 3D data
RMS Error (pixels) RMS Error (mm) RMS Error (mm)

Phantom 0.023§ 0.005 0.39§ 0.15 1.37§ 1.31
Clinical 0.035§ 0.012 1.767§ 0.366 4.56§ 2.17

Table B.1: Registration errors for phantom and clinical studies.

post cameracalibration is evident in Table B.1.

Sampleimagesfrom a phantom and a clinical study are presented in Figure B.1. In

this ¯gure, an asterisk indicates the true position of a feature point and the open circle

denotesthe estimatedlocation. Figure B.1(a) shows the cameracalibration results for a

phantom study. Figure B.1(b) shows the overlay of the true position of the metal beads

with the result of passingthe 3-D points in patient spacethrough the transformation

I TM
M TW

W TP . Figure B.1(c) shows the camera calibration outcomesfor a clinical

case. Figure B.1(d) shows the corresponding overlay of the true position of surface

feature points and the result of passingthe 3-D points in patient spacethrough the

same3-D to 2-D transformation. Note that while the cameracalibration errorsbetween

the phantom and clinical studies are comparable, the clinical registration errors are

signi¯cantly larger. This increaseis due to a number of factors, for example, motion

of the microscope betweencalibration and surgery, the longer duration of the surgery

(approximately 5 hours), or inadvertent jostling of the Polaris. In order to contend

with this system drift in the calibration we have developed an adaptive procedure to

re-estimate,in real-time, the overall systemcalibration.

We have developed an adaptive procedure to contend with the calibration errors

that accrueduring a long surgical procedure. To begin, a few 1mm micro-screwsare

Study Bone Markers Cortical Features TRE
RMS Error (mm) RMS Error (mm) (mm)

BeforeCorrection 1.767§ 0.366 1.823§ 0.655 3.223§ 0.989
After Correction 0.146§ 0.072 0.513§ 0.224 0.623§ 0.264

Table B.2: Comparisonof errors beforeand after correction scheme. All the
errors are from the registration betweenthe patient spaceand the real-time
image.
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Figure B.1: Comparison between phantom (a)-(b) and clinical (c)-(d) studies. As-
terisks denote the true position of feature points, and open circles denote estimated
positions. Note that while the calibration errors are small for both the phantom and
clinical study, (a) and (c), the registration errors are signi¯cantly higher in the clinical
comparedto the phantom study, (d) and (b), respectively.

implanted on the bony rim of the craniotomy site. Thesescrewsact as ¯ducial markers

that are always in the microscope view. We note that since brain tissue undergoes

signi¯cant deformation during surgery, cortical surfacefeaturesare typically unreliable

¯ducial markers for rigid registration.

The 3-D position of the markers are continuously and automatically tracked with

the Polaris and their 2-D position in the real-time microscope image is determined

manually. The matrix M TW is updated by minimizing the RMS error between the

projected position of the 3-D markers and their measuredimagelocation. This update

is performed several times throughout the courseof the surgery. As we are interested
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in minimizing the systemdrift, we assumethat we can correct all parts of the system

by updating the singlematrix M TW . The minimization of this matrix is inherently non-

linear, and a standardgradient descent minimization is employed. At the endof surgery,

the implanted micro-screwsare easily removed from the patient's skull.

Several cortical features on the surfaceof the brain, usually junctions of cortical

veins, are chosento test the performanceof the correction scheme. The location of

thesecortical featuresare determinedand tracked (in world coordinates) using the Po-

laris [34]. Thesepoints are then passedthrough the entire systemtransformation with

and without the dynamically updated calibration. Shown in Table B.2 is a comparison

betweenthe registration errors beforeand after correction. In this table the errors for

the ¯ducial markers and cortical featuresare comparedseparately. There is an average

RMS reduction of 92%(from 1.767to 0.146mm) for the markers,and 72%(from 1.823

to 0.513mm) for the cortical features. Also shown in this table is the target registration

error (TRE) [26]. This metric is used here to show that the RMS error for cortical

featuresis smaller than the calculated TRE with respect to the ¯ducials. Namely, the

improvement in accuracyafter correction is better than our leastexpectation. Shown in

Figure B.2 are two samplemicroscope imageswith several virtual points overlayed. In

this ¯gure, asterisksdenote the true position of feature points, triangles the estimated

position before correction, and circles the estimated position after correction. After

correction, the positions are nearly in perfect alignment.

It is worth pointing out that our goal is not to obtain an accuratephysical account

of the overall system drift. Rather, it is to reducethe ¯nal registration error and in-

creasethe robustnessof microscope-guidedneurosurgery. To this end, we account for

overall system drift through the single transformation matrix M TW (speci¯cally, the

extrinsic cameracalibration portion of this matrix). This matrix is updated periodi-

cally throughout surgeryby minimizing the positioning error of known ¯ducial markers.

This straight-forward approach has proven quite e®ective in several lengthy surgeries,

as illustrated in Figure B.2 and Table B.2.
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Figure B.2: Sample microscope views with an overlay of virtual points. Asterisks
denote the true position of feature points, triangles the estimated position before cor-
rection, and circles the estimated position after correction.
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In addition to providing moreaccurateregistration, this techniquehasapplicationsin

evaluating non-rigid brain tissuedeformation. Clinical conditions (gravit y, lossof CSF,

etc.) can causesigni¯cant non-rigid shifts in the brain [16]. For example,gravitational

shifts alone can account for an averageof 10mm of intraoperative displacement [70].

This tissuedeformation compromisesthe alignment accuracyof microscope-guidedneu-

rosurgerysystems.Edwards et al. [18] have shown that when studiesmove from phan-

toms to patients, registration errors increasefrom 0.3-0.5 mm to 3-4 mm. Although

intraoperative tissue movement probably contributes to this increase,it is almost cer-

tainly not the only component of the increasein error account for. To model non-rigid

deformation, it is essential to have an accurate rigid calibration. Since this calibra-

tion drift can be substantial, it is critical to update, in real-time, the initial system

parameters.
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App endix C

Recti¯cation

The goalof recti¯cation of a stereopair is to warp the stereoimagessothat the epipolar

lines correspond to one of the image axes, typically image rows. The importance of

recti¯cation is that the identi¯cation of the epipolar lines becomesa trivial task after

the imagepair are recti¯ed. An imagepair can be recti¯ed without knowing the camera

parameters,but the calibration of a stereopair leadsa more straight forward solution

to the recti¯cation. In our case,the stereopair is calibrated with respect to a common

coordinate frame, thereforethe camerapositions are known relative to oneanother.

Let us ¯rst review the formation of the original image pair. As shown in Fig-

ure C.1(left), a point (X ; Y; Z ) in the world referenceframe is projected, through two

pinhole camerascentered at Cl and Cr , onto the imagesensorsat locations (x l ; yl ) and

(xr ; yr ). The imageformation of both left an right cameracan be described by two per-

spective projection matrices (PPMs), Pl and Pr , respectively. It is important to point

out that the nonlinear portion of the cameramodel including the radial lens distortion

and the unit conversionof imageaxesis not relevant to the discussionof the recti¯ca-

tion. This is due to the fact that the epipolar geometry is solely basedon the pinhole

projection model. As a result of this assumption, the projected imagescoordinates,

(x; y), are computedfrom the original (distorted) imagecoordinates, (xd; yd) beforethe
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Figure C.1: The 3-D vision problem and the epipolar constraint: shown on the left
are two pinhole cameras,with centers Cl and Cr , forming the image of a single point.
The projection onto the left image, (x l ; yl ), has a corresponding match in the right
image, (x r ; yr ), lying on the epipolar line er . Shown on the right is the recti¯ed image
so that the epipolar lines are coincident with image scanlines (solid lines).

recti¯cation takes place. After recti¯cation, the epipolar lines, el and er , are aligned

with the imageraster lines, asshown in Figure C.1(right). The goal of recti¯cation is to

compute two new PPMs, Pl r and Pr r , that describes the the formation of the recti¯ed

imagepair, and hence,thesenew PPMs are often referredto as the rectifying PPMs.

Knowing Pl and Pr from cameracalibration, we can determine the rectifying PPM

Pl r and Pr r by applying several constraints imposedby the characteristicsof the ¯nal

recti¯ed imagepair. Beforewe delve into the derivation of the rectifying PPMs, let us

¯rst use the original PPM of an pinhole camerato depict its imaging geometry. This

portion of our discussionis applicable to both left and right cameras,and hencewe

omit the subscription which indicates either the left or right camera. As described in

Section2.1.1, the PPM of a pinhole camera,P, is a 3 £ 4 matrix:

P =

0

B
B
B
@

p11 p12 p13 p14

p21 p22 p23 p24

p31 p32 p33 p34

1

C
C
C
A

(C.1)

Using P, we can derive the mathematical expressionsof imaging geometry associated

with this camera. For example,any point (X ; Y; Z ) on the focal plane must satisfy the
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following equation:

( p31 p32 p33 p34 )

0

B
B
B
B
B
B
B
@

X

Y

Z

1

1

C
C
C
C
C
C
C
A

= 0; (C.2)

since a point on the focal plane is projected to in¯nit y (s = 0). The optical center

C, (X c; Yc; Zc), is the intersection of three planes: the focal plane, the two planesthat

intersect the imageplane in the vertical (x = 0) and horizontal (y = 0) axis of the image

coordinates, respectively; therefore,

P

0

B
B
B
B
B
B
B
@

X c

Yc

Zc

1

1

C
C
C
C
C
C
C
A

= 0; (C.3)

and 0

B
B
B
@

X c

Yc

Zc

1

C
C
C
A

= ¡

0

B
B
B
@

p11 p12 p13 p14

p21 p22 p23 p24

p31 p32 p33 p34

1

C
C
C
A

¡ 1 0

B
B
B
@

p14

p24

p34

1

C
C
C
A

: (C.4)

The optical ray associated to an imagepoint (x; y) is the line hC; (x; y)i . Any point on

this ray, (X ; Y; Z ) must satisfy the following:
0

B
B
B
@

X

Y

Z

1

C
C
C
A

=

0

B
B
B
@

X c

Yc

Zc

1

C
C
C
A

+ ¸P ¡ 1

0

B
B
B
@

x

y

1

1

C
C
C
A

; (C.5)

where¸ is an arbitrary real number. With theseexpressions,we next derive the epipolar

geometry.

To do so, we return to the stereopair. The PPMs of the left and the right cameras

are denotedas Pl and Pr , respectively and,

Pl =

0

B
B
B
@

l11 l12 l13 l14

l21 l22 l23 l24

l31 l32 l33 l34

1

C
C
C
A

;
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Pr =

0

B
B
B
@

r11 r12 r13 r14

r21 r22 r23 r24

r31 r32 r33 r34

1

C
C
C
A

: (C.6)

The optical center Cl and Cr are:
0

B
B
B
@

X cl

Ycl

Zcl

1

C
C
C
A

= ¡

0

B
B
B
@

l11 l12 l13 l14

l21 l22 l23 l24

l31 l32 l33 l34

1

C
C
C
A

¡ 1 0

B
B
B
@

l14

l24

l34

1

C
C
C
A

0

B
B
B
@

X cr

Ycr

Zcr

1

C
C
C
A

= ¡

0

B
B
B
@

r11 r12 r13 r14

r21 r22 r23 r24

r31 r32 r33 r34

1

C
C
C
A

¡ 1 0

B
B
B
@

r14

r24

r34

1

C
C
C
A

; (C.7)

respectively. For an image point (x l ; yl ) in the left image, its associated optical ray,

hCl ; (x l ; yl )i , can be expressedas:
0

B
B
B
@

X

Y

Z

1

C
C
C
A

=

0

B
B
B
@

X cl

Ycl

Zcl

1

C
C
C
A

+ ¸P ¡ 1

0

B
B
B
@

x l

yl

1

1

C
C
C
A

; (C.8)

where ¸ is an arbitrary real number. Similarly, the optical ray, hCr ; (xr ; yr )i , can be

expressedas: 0

B
B
B
@

X

Y

Z

1

C
C
C
A

=

0

B
B
B
@

X cr

Ycr

Zcr

1

C
C
C
A

+ ¸P ¡ 1

0

B
B
B
@

xr

yr

1

1

C
C
C
A

; (C.9)

where ¸ is another arbitrary real number. The two optical rays are used to de¯ne

epipolar lines.

As shown in Figure 3.4, the corresponding point (x r ; yr ) of the point (x l ; yl ) is con-

strained to lie on the epipolar line. This line, her ; (xr ; yr )i , is de¯ned to be the projection

of the optical ray h(x l ; yl ); Cl i through the cameracenter Cr . Its conjugateepipolar line,

hel ; (x l ; yl )i , is the projection of the optical ray h(x r ; yr ); Cr i through the cameracenter

Cl .

Furthermore, all the epipolar lines in oneimageplane (e.g., in the right image)pass

through a commonpoint calledthe epipole (er ), which is the projection of the conjugate
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optical center (the projection of Cl through Cr ). Mathematically,

0

B
B
B
@

sxer

syer

s

1

C
C
C
A

= Pr

0

B
B
B
B
B
B
B
@

X cl

Ycl

Zcl

1

1

C
C
C
C
C
C
C
A

;

0

B
B
B
@

sxel

syel

s

1

C
C
C
A

= Pl

0

B
B
B
B
B
B
B
@

X cr

Ycr

Zcr

1

1

C
C
C
C
C
C
C
A

: (C.10)

The coordinatesof the two cameracenters, (X cl ; Ycl ; Zcl) and (X cr ; Ycr ; Zcr ), aregivenby

Equation (C.4). For a point in the left image,(x l ; yl ), knowing its optical ray, h(x l ; yl ); Cl i

(Equation (C.8)), and the epipoleon the right image,er (Equation (C.10)), we canwrite

the parametric equation of its epiploar line, her ; (xr ; yr )i , as follows:
0

B
B
B
@

xs

ys

s

1

C
C
C
A

=

0

B
B
B
@

xer

yer

1

1

C
C
C
A

+ ¸P r P ¡ 1
l

0

B
B
B
@

x l

yl

1

1

C
C
C
A

: (C.11)

Similarly, the conjugateepiploar line, hel ; (x l ; yl )i , can be expressedas follows:
0

B
B
B
@

xs

ys

s

1

C
C
C
A

=

0

B
B
B
@

xel

yel

1

1

C
C
C
A

+ ¸P lP ¡ 1
r

0

B
B
B
@

xr

yr

1

1

C
C
C
A

: (C.12)

Next, we will computethe rectifying PPMs, Pl r and Pr r as the solutionsof a system

of equations, which expressthe constraints arising from rectifying requirements plus

other constraints necessaryto ensurea unique solution. Let

Pl r =

0

B
B
B
@

l r11 l r12 l r13 l r14

l r21 l r22 l r23 l r24

l r31 l r32 l r33 l r34

1

C
C
C
A

;

Pr r =

0

B
B
B
@

r r11 r r12 r r13 r r14

r r21 r r22 r r23 r r24

r r31 r r32 r r33 r r34

1

C
C
C
A

: (C.13)
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They will be computedby applying the following requirements and constraints:

1. CommonFocal plane. If camerassharethe samefocal plane, the commonretinal

plane is constrainedto be parallel to the baselineand epipolar lines are parallel.

The two rectifying PPM have the samefocal plane if only if:

l r31 = r r31

l r32 = r r32

l r33 = r r33

l r34 = r r34 (C.14)

2. Position of the optical centers. The optical centers of the rectifying perspective

projections must be the sameas thoseof the original projections:

Pl r

0

B
B
B
B
B
B
B
@

X cl

Ycl

Zcl

1

1

C
C
C
C
C
C
C
A

= 0 and Pr r

0

B
B
B
B
B
B
B
@

X cr

Ycr

Zcr

1

1

C
C
C
C
C
C
C
A

= 0; (C.15)

Combining the equation above with Equation (C.7) and (C.13) yields six linear

constraints:

lr11X cl + lr12Ycl + lr13Zcl + lr14 = 0

lr21X cl + lr22Ycl + lr23Zcl + lr24 = 0

lr31X cl + lr32Ycl + lr33Zcl + lr34 = 0

r r11X cr + r r12Ycr + r r13Zcr + r r14 = 0

r r21X cr + r r22Ycr + r r23Zcr + r r24 = 0

r r31X cr + r r32Ycr + r r33Zcr + r r34 = 0 (C.16)

3. Alignment of conjugateepipolar lines. The vertical coordinate of the projection of

a 3-D point onto the recti¯ed imageplane must be the samein both image:

lr21X + lr22Y + lr23Z + lr24

l r31X + lr32Y + lr33Z + lr34
=

r r21X + r r22Y + r r23Z + r r24

r r31X + r r32Y + r r33Z + r r34
: (C.17)
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Combining the equation above with the constraints in Equation (C.14) yields:

lr21 = r r21

l r22 = r r22

l r23 = r r23

l r24 = r r24 (C.18)

The equationswritten to this point are su±cient to guarantee recti¯cation, but the

orientation of the recti¯ed imageplane has still onedegreeof freedom. In other words,

the constraints written up to now are not enoughto obtain a uniqueset of PPMs. Next,

we will introduceseveral other arbitrary but reasonableconstraints to ensurea unique

solution:

1. Orientation of the recti¯ed imageplane. We choosethe rectifying focal planesto

be parallel to be intersectionof the two original focal planes,i.e.,

( lr31 l r32 l r33 )

2

6
4( l31 l32 l33 )> £ ( r31 r32 r33 )>

3

7
5 = 0; (C.19)

where( l31 l32 l33 ) and ( r31 r32 r33 ) are the third rows of Pl and Pr respec-

tiv ely. Notice that the corresponding equation,

( r r31 r r32 r r33 )

2

6
4( l31 l32 l33 )> £ ( r31 r32 r33 )>

3

7
5 = 0;

is redundant becauseof Equation (C.14).

2. Orthogonality of the rectifying referenceframes. The intersectionsof the image

plane with the planes:

( lr11 l r12 l r13 l r14 )

0

B
B
B
B
B
B
B
@

X

Y

Z

1

1

C
C
C
C
C
C
C
A

= 0 and ( lr 21 l r22 l r23 l r24 )

0

B
B
B
B
B
B
B
@

X

Y

Z

1

1

C
C
C
C
C
C
C
A

= 0;

(C.20)
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correspond to the two image axis of the recti¯ed image plane. In order for this

referenceframe to be orthogonal, the planesmust be perpendicular to each other.

With equationsin C.18, we have,

( lr11 l r12 l r13 l r14 )

0

B
B
B
B
B
B
B
@

l r21

l r22

l r23

l r24

1

C
C
C
C
C
C
C
A

= 0 and ( r r 11 r r12 r r13 r r14 )

0

B
B
B
B
B
B
B
@

l r21

l r22

l r23

l r24

1

C
C
C
C
C
C
C
A

= 0;

(C.21)

3. ImageCenters. The imagecenters (x0; y0) is given by:

:x0 = ( lr11 l r12 l r13 )

0

B
B
B
@

l r31

l r32

l r33

1

C
C
C
A

and y0 = ( lr21 l r22 l r23 )

0

B
B
B
@

l r31

l r32

l r33

1

C
C
C
A

: (C.22)

We set the two image centers at (0; 0) and use Equations (C.14) and (C.18) to

obtain the constraints:

( lr11 l r12 l r13 )

0

B
B
B
@

l r31

l r32

l r33

1

C
C
C
A

= 0

( lr21 l r22 l r23 )

0

B
B
B
@

l r31

l r32

l r33

1

C
C
C
A

= 0

( r r11 r r12 r r13 )

0

B
B
B
@

l r31

l r32

l r33

1

C
C
C
A

= 0 (C.23)

4. Focal lengthsin pixels. The horizontal and vertical focal lengthsin pixelsaregiven

by:

f x = k ( lr11 l r12 l r13 )> £ ( lr31 l r32 l r33 )> k

f y = k ( lr21 l r22 l r23 )> £ ( lr31 l r32 l r33 )> k: (C.24)
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By setting arbitrarily the valuesof f x and f y, we obtain the constraints:

k ( lr11 l r12 l r13 )> £ ( lr31 l r32 l r33 )> k = f 2
r

k ( lr21 l r22 l r23 )> £ ( lr31 l r32 l r33 )> k = f 2
r

k ( r r11 r r12 r r13 )> £ ( lr31 l r32 l r33 )> k = f 2
r : (C.25)

By de¯nitions of vector norm and vector crossproduct and Equations (C.23), we

can rewrite the equation above as:

k ( lr11 l r12 l r13 ) k2k ( lr31 l r32 l r33 ) k2 = f 2
r

k ( lr21 l r22 l r23 ) k2k ( lr31 l r32 l r33 ) k2 = f 2
r

k ( r r11 r r12 r r13 ) k2k ( lr31 l r32 l r33 ) k2 = f 2
r : (C.26)

5. The scalefactor. PPMs are de¯ned up to a scalefactor, and a commonchoice to

block the latter is to set

k ( lr31 l r32 l r33 ) k = 1 and k ( r r 31 r r32 r r33 ) k = 1 (C.27)

Now, we have establishedenoughconstraints that guarantee a unique solution for

each of the two rectifying PPMs. To capitulate, we organizethe constraints introduced

here in the following four systems:
8
>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>><
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k ( lr31 l r32 l r33 ) k = 1

(C.28)
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(C.29)
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(C.30)
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(C.31)

plus 8
>>>>>>>><

>>>>>>>>:

l r21 = r r21
l r22 = r r22
l r23 = r r23
l r24 = r r24
l r31 = r r31
l r32 = r r32
l r33 = r r33
l r34 = r r34:

(C.32)

The ¯rst four systemshave all the samestructure, each one being a 3 £ 4 linear

homogeneoussystemsubject to a quadratic constraint, that is,

½
Ax = 0
kx0k = k; (C.33)

where x0 is a vector composed by the ¯rst three components of x, and k is a real

number. The four systemsabove are solved in sequence,top to bottom. The solution of

each systemis obtained by ¯rst computing (e.g.,by SVD factorization) a one-parameter

family of solutions to Ax = 0 of the form x = ®x0, wherex0 is a nontrivial solution and

® is an arbitrary real number, and then letting ® equal to k
kx0

0k .
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App endix D

Line In tersection in 3-D

In 3-D, two linesoften do not intersectand arenot parallel. Shown in Figure D.1 are two

lines in 3-D, hP1; P2i and hP3; P4i , which are non-intersecting and non-parallel. In this

case,\the point of intersection" betweenthesetwo lines is de¯ned as the point at equal

and minimum distance to both lines. This point, P0, is found by: ¯rst, constructing

hPa; Pbi so that it intersects and is perpendicular to both hP1; P2i and hP3; P4i ; and

then, computing the middle point betweenPa and PB . With known P1 and P2,

Pa = P1 + ¸ a(P2 ¡ P1); (C-1)

and similarly, with known P3 and P4,

Pb = P3 + ¸ b(P4 ¡ P3): (C-2)

To determine Pa and Pb, we only need to determine ¸ a and ¸ b, respectively. Since

hPa; Pbi is perpendicular to both hP1; P2i and hP3; P4i , the points on theselines satisfy

the following equations:

(Pa ¡ Pb) ¢(P2 ¡ P1) = 0

(Pa ¡ Pb) ¢(P3 ¡ P4) = 0
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Pa

P2

P3

P4
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Figure D.1: The two lines, hP1; P2i and hP3; P4i , do not intersect and are not parallel.
The point of intersection between these two lines, P0, is de¯ned as the point at equal
and minimum distance to both lines.

After substitute Pa and Pb with expression(C-1) and expression(C-2), respectively, the

two equationsabove become:

(P1 ¡ P3 + ¸ a(P2 ¡ P1) ¡ ¸ b(P4 ¡ P3)) ¢(P2 ¡ P1) = 0

(P1 ¡ P3 + ¸ a(P2 ¡ P1) ¡ ¸ b(P4 ¡ P3)) ¢(P4 ¡ P3) = 0

The two unknowns, ¸ a and ¸ b, can then be solved. With ¸ a and ¸ b, computePa and Pb

usingexpression(C-1) and expression(C-2). Finally, P0, the point of minimum distance

to two lines, hP1; P2i and hP3; P4i , is then calculatedby the following expression:

P0 =
Pa + Pb

2
:
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