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Abstract

This paperdescribesa practicalandreliable imageanalysisand trackingalgorithmto achieve automated
instrumentlocalizationand scopemaneuvering in robotically-assistedlaparoscopicsurgery. Laparoscopy is
a minimally invasive surgical procedurewhich utilizes multiple small incisionson the patient's body through
which the surgeoninsertstools anda video scopefor conductingan operation. The scoperelaysimagesof
internalorgansto acameraandtheimagesaredisplayedonavideoscreen.Thesurgeonperformstheoperation
by viewing thescopeimages,asopposedto thetraditional“open” procedurewherea largeincisionis madeon
thepatient'sbodyfor directviewing.

The currentmodeof the laparoscopy hasan assistantholding the scopeandpositioningit in responseto
thesurgeon's verbalcommands.However, this resultsin suboptimalvisualfeedbackbecausethescopeis often
aimedincorrectlyandvibratesdueto handtrembling. ComputerMotion Inc. hasdevelopeda robotic laparo-
scopepositionerto replacethe assistant.The surgeoncommandsthe robotic positionerthrougha hand/foot
controller interface(seeFigure 1.b in Introduction). To further simplify the man-machineinterfacein con-
trolling the robotic scopepositioner, we reportherea novel scopepositioningschemeusingautomatedimage
analysisandroboticvisualservoing. Theschemeenablesthesurgeonto controlhisvisualfeedbackandbemore
ef�cient in performingsurgerywithoutrequiringadditionaluseof thehands.
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1 Intr oduction

The objective of this researchis to develop practical and reliable image analysisand tracking algorithmsto
achieve automatedinstrumentlocalizationandscopemaneuveringin robot-assistedlaparoscopicsurgery. There
hasbeena revolution in medicalsurgery in recentyearstoward “minimally invasive surgery” [6]. Minimally
invasivesurgeryreducesthetraumain�icted on thepatientduringsurgery, signi�cantly shortensthetime for the
patientto recuperate,andlowersthecostof thetreatment.Becauseof thebene�t gainedover traditionalsurgical
procedures,minimally invasivesurgeryis fastgainingpopularity.

A key technologicaladvancewhich hasfueled the minimally invasive revolution is video-laparoscopy [5].
Laparoscopicproceduresareminimally invasive surgical procedureswhereseveralsmall incisionsaremadeon
thepatientto accommodatesurgical instrumentssuchasscalpels,scissors,andstapleguns.A videolaparoscope
is insertedthroughthe navel to acquirevideo imagesof the body cavity which aredisplayedin real time on a
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Figure1: (a) Traditionallaparoscopy performedby a surgeonanda scopeassistant,and(b) robotically-assisted
laparoscopy wherea robotreplacesthescopeassistant.

monitorto providevisualfeedbackto thesurgeon.Thissetupenablesthesurgeonto operateinstrumentsthrough
thesmall incisions,asopposedto a largeincisionfor directviewing andoperation.

This changeto a video-basedoperatingparadigmopensthe door for tremendousinnovation opportunities.
Sincethe surgeonhasbecomecomfortableoperatingthrougha video interface,it is now possibleto provide
computerassistancewith addedfunctionality. This projectis thusaimedat bringingstate-of-the-artin imaging
androbotictechnologiesto enhancethis emergingrobot-assistedsurgicalprocedure.

Thecurrentmodeof laparoscopicsurgery is thatan assistantholdsthe laparoscopefor thesurgeonandpo-
sitionsthescopein responseto theverbaldirectionsfrom thesurgeon(Figure1.a). Themethodof operationis
inef�cient andfrustratingfor thesurgeonbecausecommandsareoften interpretedandexecutederroneouslyby
theassistant.Theviews aresuboptimalandunstablebecausethescopeis aimedincorrectlyandvibratesdueto
handtrembling.Consequently, a wasteof manpoweranda high risk to thepatientresult.

To improve on the currentmodeof laparoscopicsurgery, ComputerMotion Inc. hasrecentlydevelopedan
automatedscopepositioningsystemcalledAESOP, for AutomatedEndoscopeSystemfor Optimal Positioning
[9]. TheAESOPideais to havearobotholdingthescopeandrespondingto thepositioningcommandsissuedby
thesurgeonusinga hand/footcontroller(seeFigure1.b). This modeof operationimprovesthevisual feedback
to thesurgeonby giving thesurgeondirectcontrolof his visual feedbackandeliminatingtheassistantfrom the
loop. Theprocedurecanthusbeperformedfasterandwith greaterease.

In this project,we useAESOPasthe testbedfor developinguseful imageanalysisandtrackingmodalities
to further facilitate laparoscopicsurgery. More precisely, this project is aimedat developingnovel “handless”
paradigmsfor improving theeaseof thesurgeonto controlhisvisualfeedback.This is accomplishedby automat-
ing thescopepositioningandaimingmechanismandthusfreeingthesurgeonfrom usingthehand/footcontroller.
The�rst stepsin achieving automatedscopepositioning,we believe,are

1. to implementpractical,real-timeimageanalysisalgorithmsfor locatingandtrackingsurgical instruments
in laparoscopicimagesequences,and

2. to usetheoutputfrom imageanalysisto automatetheprocessof maneuveringandaimingthelaparoscope.
The AESOProbot canservo to compensatefor the movementsof an instrumentandhasthe instrument
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centeredunderthe�eld of view of thescope.

We have digitizeda largenumberof imagesequencestakenduringreal laparoscopicsurgeryto serve asour
testdata. To accomplishthe �rst goal above, we have obtaineda large sampleof color signaturesfrom over
a hundredthousandinstrumentandorganpixels in thesesequences,andhave computedthe color statisticsof
variousinstrumentsandorgans. Thesecolor statisticshave allowed us to classify, group,andlabel instrument
pixels. Furthermore,we cancomputetheshapeandmotionparametersof eachinstrumentregion detectedin an
imagesequence.

To accomplishthe secondgoal above, we have usedthe 2D shapeandmotion parametersof an instrument
computedfrom imageanalysisto derive thecontrolsignalfor AESOPto maneuverandaim thescopeautomati-
cally. Wehavederivedamathematicformulationwhichrelatesthechangeof appearance(i.e.,shapeandlocation)
of aninstrumentto thescope'sdegreeof freedomin motion.Whenthetrackedinstrument'spositionand/orshape
measurementsdeviatefrom thedesired,canonicalones(e.g.,theinstrumentis toofarfrom thecenterof theimage
or becomestoo small),anerrorsignalis generated.AESOPthenusestheerrorsignalto computeandexecutea
movementthatcompensatesfor thedeviationautomatically.

The remainderof the paperis organizedas follows: Section2 discussesthe imageanalysisalgorithmfor
instrumentlocalizationandtrackingfrom an laparoscopicimagesequence.Section3 presentsthe mathematic
framework for theAESOProbotto maneuverandaimthescopebasedon2D imagemeasurements.Experimental
resultsbasedon bothreal imagesequencesandcomputersimulationaredescribedin Section4. Finally, Section
5 containsaconcludingremark.

2 Automated Instrument Localization and Tracking

Thealgorithmfor instrumentlocalizationandtrackingin laparoscopicsequencesiteratesthroughfour steps:(1)
classi�cation: pixelsareclassi�edbasedon their color signaturesandspuriousnoisepointsareremovedthrough
directionalmedian�ltering; (2) groupingandlabeling: instrumentpixelsaregroupedtogetherandauniquelabel
is assignedto eachinstrumentregion. Furthermore,new labelsaregeneratedfor instrumentsjust appearingin
view; (3) shapeanalysis: useful information,suchas the centroidandorientation,of an instrumentregion is
computedanda boundingbox is estimated;and(4) temporal update: movementof an instrument's bounding
box betweensuccessive framesis estimatedandusedto predict its locationin the next frameto propagatethe
instrumentlabelsover time. We describethesestepsin moredetailsbelow.

2.1 Classi�cation

After consultingwith practitionersin laparoscopy andstudyingmany videotapesof laparoscopy, we concluded
that when there is suf�cient lighting in an image(the laparoscopeis equippedwith its own light sourcefor
illumination), instrumentsand organspossessdistinct color signatures. Furthermore,instrumentshave more
elongatedshapes,andtheshaftof an instrumentis alwaysof a circular cylindrical shape(so thatan instrument
canpassthroughthecannularopeningon thebody). This domain-speci�cknowledgewasutilized in designing
theimageanalysisalgorithm.

The �rst stagein our algorithmis to utilize differentcolor signaturesof organsandinstrumentsto classify
individual pixels. This is accomplishedby traininga classi�er on a largesample(over 100,000)of pixels from
over tentypical laparoscopicsequences,andusingthecolorstatisticsthusobtainedfor classi�cation.

We employ a standardBayesianclassi�er which maximizesthea posteriori probability of the classassign-
ment[2]. Mathematicallyspeaking,a testsampleis characterizedby a d-dimensionalmeasurevector, x, which
shouldberepresentativeof thesample.Eachpossibleclassassignment! i hasana priori probabilityp(! i ), which
representstheclass'relative frequency of occurrence.Furthermore,a conditionalprobabilityp(x j ! i ) expresses
the likelihoodof a classsampleassuminga particularmeasurevectorx. A Bayesianpatternclassi�er selectsa
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bestlabel! i for a testsampleof measurevectorx from a setof N possibleclassassignmentsby maximizingthe
a posterioriprobabilityusingtheBayesrule. Thea posterioriprobabilityof a class! i is de�ned as:

p(! i j x ) =
p(x j ! i )p(! i )

p(x)
;

where

p(x) =
NX

j =1

p(x j ! j )p(! j ) :

Theclassassignmentwhichattainsthelargestp(! i j x) is chosen.

In our case,therearetwo classes:organ(! 1) andinstrument(! 2), hence,N = 2. We estimatedthea priori
probabilitiesp(! 1) as0.7,andp(! 2) as0.3.Thiscorrespondsto thetypicalscenarioswherethesurgeonoperates
two instrumentssimultaneouslyandeachinstrumentoccupiesroughly15%of theimagespace.Eachsample(i.e.,
apixel) providesa3-dimensionalmeasurevectorx = (R; G; B ), wherethecomponentsrepresentthered,green,
andbluecolor intensities.Furthermore,we assumedp(� j ! i ); i = 1; 2 to bea multi-variatenormaldistribution
with mean� i andvariance� i , andestimated� i =

P N i
j =1 x ij =N i ; � i =

P N i
j =1 (x ij � � i )(x ij � � i )T =(N i � 1),

wherex ij representsthemeasurevectorof samplesin classi , andN i thesamplesizeof classi , i = 1; 2. Thena
pixel, with ameasurevectorx, is assignedto classi if log pi (x) > log pj (x), where

log pi (x) = �
1
2

(x � � i )T � � 1
i (x � � i ) �

3
2

log 2� �
1
2

log j � i j + log p(! i ) :

Somesampleclassi�ed imagesareshown in Figures7.b and8.b in Section4. To remove spuriousnoisein
theseimages,we usefour directional(vertical5 � 1, horizontal1 � 5, 45� 5 � 5, and� 45� 5 � 5) median�lters
to �lter theimages.Sometypicaloutputsfrom median�ltering areshown in Figures7.cand8.c.

2.2 Grouping and Labeling

The classi�cation result is storedasa binary image. We thenassigna uniquelabel to pixels in eachlocalized
instrumentregion. The pixel identity is determinedin two phases:a temporalpropagationphasewherethe
instrumentlabelsfrom the previous framearepropagatedto the currentframe,anda secondspatialrelaxation
phasewheretheidentitiesof still unlabeledinstrumentpixelsaredeterminedby theirspatialadjacency to already-
labeledinstrumentpixels.

As will bediscussedin Section2.4,we predictthelocationsof instrumentregionsin thecurrentframeusing
their positionsin theprevious frameandtheanticipatedmovement.Theanticipatedmotionof an instrumentis
computedasaweightedaverageof theinstrumentmotionoverafew previousframes.Instrumentpixels,detected
in thecurrentframeandwhosepositionscon�rm to thepredictedinstrumentlocations,assumethe labelsof the
instrumentpixelsof thepreviousframe.

As we anticipateerror in this simplemotion predictionscheme,we go throughanotheriterationwherestill
unlabeledinstrumentpixelscopy thelabelsof nearbyinstrumentpixels. This processis performedin thespatial
domainthroughrelaxation. At eachiteration,an unlabeledinstrumentpixel assumesthe label of its neighbor-
ing instrumentpixel, if sucha pixel exists andis labeled. The numberof iterationsdependson how muchan
instrumentcanmovebetweensuccessive frames.More iterationsareneededto propagateinstrumentlabelsover
a long distanceif large instrumentmotion is expected.Our experienceindicatesthat at half thevideo rate(the
topsamplingrateof ourhardware),movementof aninstrumentin any directionin theimageplaneis usuallyless
than10pixelsperframe.Sotherelaxationstepis limited to ten.

Finally, if therearestill unlabeledinstrumentpixelsleft afterthetemporalandspatialpropagationsteps,these
pixelsareeitherdiscardedasspuriousnoisepoints,or registeredasa new instrumentin thenext shapeanalysis
stage.
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Figure2: Computationof theBoundingbox.

2.3 ShapeAnalysis

Eachlocalizedinstrumentregion is �tted with a boundingbox. The needsfor a boundingbox approximation
are: (1) Due to uneven lighting andspecularre�ection, a localizedinstrumentregion may assumea somewhat
irregular shape(For example,seethe instrumentregion at the lower left cornerin Figure8.c). However, it is
known thattheshaftof aninstrumentis of a cylindrical shape,which dictatesits appearancein theimageplane.
For example,whenan instrumentis far away from thescope(the far �eld case),ideally its projectionassumes
a rectangularshape.Whenoneendof an instrumentis muchcloserto the scopethanthe other(the near�eld
case),its projectionresemblesa trapezoid.This domainknowledgecanbeusedto regularizeimageprocessing;
(2) Theboundingbox representationis moreef�cient in storage.Shapecharacteristics,suchasthecentroidand
tip locations,areusefulparametersin controllingtheaimingof thescope;and(3) Goodnessin theboundingbox
approximationcanbeusedto identify instrumentsjust enteringthe �eld of view. It canalsobeusedto discard
largedarkareasin imageswhichhaveacolorsignaturesimilar to thatof aninstrumentregion,but assumeamuch
moreirregularshape.

We computethe 0th, 1st, and2nd-ordermomentsfor eachinstrumentregion. If the ratio of M 20 to M 02

exceedsacertainthreshold—whichindicatesanelongatedshape—theregionis classi�edasaninstrumentregion,
whereM 20 andM 02 denotethesecond-ordermomentscomputedin theobject-centeredcoordinatesystem[4].

In the far �eld case,we computethe boundingbox asa rectangleof width 2
p

M 20=(M 00 � 1) andheight
2
p

M 02=(M 00 � 1) (Figure2), where
p

M 20=(M 00 � 1) and
p

M 02=(M 00 � 1) areusedto approximatethe
spreadof instrumentpixelsalongthetwoprincipalaxes.Two timesthespreadcoveralmost100%of aninstrument
region. In thenear�eld case,theboundingbox is assumedto bea trapezoidwhosebaseis twice aswide asits
top. Let w andh denotethelengthsof thebaseandheightof sucha trapezoid,onecaneasilyshow that

M 00 =
3
4

wh ; M 20 =
3
64

w3h :

Basedon theabove equations,we computew andh asfunctionsof M 00 andM 20, or the lengthof thebaseis
4
p

M 20=M 00 andthatof theheightis M 00
3=2=(3

p
M 20) (Figure2).

2.4 Temporal Update

Finally, positionsof theboundingboxesof theinstrumentregionsin thenext framearepredictedfor propagating
instrumentlabelsto thenext frame.Denotethepositionsof thefour cornerpointsof aboundingboxat thecurrent
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frameascp i (t) = (cpx i (t); cpy i (t)) , thencp i (t + 1) is estimatedusinga simpleformula

cp i (t + 1) = cp i (t) +
K � 1X

k=0

w(k)(cp i (t � k) � cp i (t � k � 1)) ;

whereK is thenumberof imageframesusedin predictingthe instrumentmovement,and
P K � 1

k=0 w(k) = 1. In
our experiment,k = 4, andw(0) = 8=15; w(1) = 4=15; w(2) = 2=15; w(3) = 1=15: Thepredictedpositionsof
thecornerpointsareusedto estimatethe locationof an instrumentregion in thenext frame. A templateimage
with updatedinstrumentregionsis generated.Pixels retaintheir labelsin this templateimageandthis imageis
usedto aid in thegroupingandlabelingprocessdescribedabove.

2.5 SpecularRe�ection

Oneimplementationdetailworthmentioningis how specularre�ection is handled.Laparoscopicimagesat times
show strongspecularre�ection on bothorganandinstrumentsurfacesbecausea strong,focusedlight sourceis
usedfor illumination,andbodily �uid tendsto accumulatein theabdominalcavity. Becausethecolorof specular
re�ection is that of the light source,the color classi�cation schemedoesnot work well and it canbe dif�cult
to tell whethera specularspotis part of an instrumentor anorganbasedon thecolor informationalone. Here,
we rely mostlyon temporalandspatialpropagationprocessesdescribedin Section2.2 to classifyspecularspots.
Thatis, pixelsassumingspecularcolorareclassi�edasinstrumentpixelsif thesepixelscon�rm to theinstrument
locationspredictedthroughtemporalpropagation.Specularre�ection spotscanalsobemergedinto aninstrument
region if it is spatiallyadjacentto thatregion.

2.6 Time Complexity

Wegiveanestimateof therateof imageanalysisin termsof �oating-point andintegeroperationsneeded.Denote
TI thetimeto executeanintegeroperation,andTF thetimeto executea �oating-point operation.Weassumethat
thereareN i instrumentclustersandNs specularspotsin animage,andthesizeof theimageis Np pixels.

In theclassi�cationstage,thepatternclassi�er is trainedoff line andresultsstoredin a table. Classi�cation
basedon color signaturethususesa tablelook-upprocessandno �oating-point operationis needed.Processing
time for pixel classi�cationis thus2NpTI , or oneindexing andoneassignmentoperationsperpixel.

Most of theprocessingtime is spenton median�ltering, andon groupingandlabeling. Filtering an image
with four directionalmedian�lters takes48NpTI operationsper imageframe,because,for eachmedian�lter ,
� ve fetch andadd(10NpTI ), onecomparison(NpTI ), andoneassignmentoperations(NpTI ) areneeded.For
spatialrelaxation,a maximumof 9K NpTI operationsareneeded,whereK is the numberof iterationsin the
spatialrelaxationprocess.Theconstant9 comesfrom onecomparisonoperationfor eachof theeightneighbors
plusonemoreclassassignment.Another3NpTI operationsareneededfor thetemporalpropagationstepwhere
instrumentlabelsarepropagatedfrom thepreviousframeto thecurrentframeby asimplelogic operation,which
involvestwo comparisonsto assertthatpixels in thecurrentframeandin the temporaltemplatearebothof the
instrumenttype,plusonepossibleassignmentoperation.

To processinstrumentpixels left unlabeledafter temporalandspatialpropagation,18N pTI operationsare
needed,whereonecomparisonis for locatinganunlabeledpixel, onecomparisonandoneassignmentoperations
per neighborfor the 8 neighborsto �nd a minimum label, and one assignmentfor storing the chosenlabel.
Computingthemomentsof an instrumentregion hasa complexity of 4N pTI , whereonelogic operationis used
to ascertaintheidentity of apixel and3 additionsarefor computingtheareaandcentroid.Furthermore,10N pTI

operationsareusedto computethe principal axis directions. Onenotesthat theseoperationsrequirescanning
imagespixel by pixel andcanbetimeconsuming.However, onealsonotesthatbecauseof theregularityof these
algorithms,they canbeeasilyparallelizedto achievea signi�cant speedup.
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Computingtheboundingboxdimensionandlocation,andcomputingtheinstrumentmotionareconstanttime
operationsindependentof thesizeof theprocessingwindow. We estimatethecomplexity to be47N i TF . Finally,
amaximumof 85NpTI + 47N i TF + 16N i NsTI operationsareneededto processspecularre�ection spotsin the
worstcase:classi�cation(2NpTI ), �ltering (48NpTI ), labelingfrom temporalpropagation(3NpTI ), assigninga
new label(18NpTI ), computingtheshapeparameters(4NpTI ), estimatingtheboundingbox(10NpTI + 47N i TF ),
andmerging into anearbyinstrumentregion(16N i NsTI ).

Therefore,the total computationtime is (170 + 9K )NpTI + 94N i TF + 16N i NsTI . If N i = Ns = 1 and
K = 10, approximately12,000pixelscanbeprocessedby our algorithmevery 30thof a secondon a computer
ratedat 20 MFLOPSand100MIPS. Figure3 shows theestimatedresponserateasa functionof thesizeof the
processingwindow andthespeedof thecomputer. Eachcurve in Figure3 in fact representsa family of curves
whereN i canrangeanywherefrom 1 to 10. Thatis, becausemostof theoperationsarerepeatedover thewhole
imageframe,thenumberof instrumentregionsdoesnotsigni�cantly affecttheprocessingspeed.Thisplot allows
usto selecttheprocessingwindow sizethatmaintainsthedesiredprocessingspeed.

3 Visual Servoing using ImageAnalysisFeedback

This sectiondescribesthe mathematicalframework for utilizing the imageanalysisalgorithmdescribedin the
previoussectionasa feedbackmechanismfor controllingAESOP. Thegoalis to enablethesurgeonto command
AESOPto positionan instrumentfeature,suchasthe tip of the instrument,at a desiredlocation in the image
andthentrackthefeatureasit moves.This capabilityis a crucialsteptowardscreatinga seamlessman-machine
interfacebetweenthesurgeonandtheAESOPsystem.

Visual servoing of a robot manipulatorhasbeenstudiedby a numberof researchers[7, 3, 10, 1]. Visual
servoing asappliedto robotic control of an laparoscopecanbe de�ned as: “Given the currentlocationof the
tracked feature(e.g.,the tip of an instrument)in the imageplane,how do we manipulatethe scopeso that the
featureappearsat thedesiredimagelocation(e.g.,centerof theimage)?”Thegeneralform of thevisualservoing
algorithmdrivesthecameramotionbasedonerrorbetweenthedesiredandcurrentfeaturelocationsin theimage
plane. Hence,the control law usedby the servoing algorithm must relatethe error in featureposition to an
appropriatecameracommandwhich is thenimplementedby therobot.

Previousresearchonvisualservoinghasassumedthecamerais capableof generalmotionin 3-space,i.e.,any
positionandorientation(pose)[7]. However, thephysicalconstraintimposedon thescopeandhence,thecamera
position,presentsnew problemsfor this application.In laparoscopicsurgerythecamerais typically mountedon
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thebackendof thescope,outsideof theabdomen,andtheimageis projectedontothecameraCCDimagingchip
throughthescopeoptics.Becausethelaparoscopicopticssimplytranslatetheimageasseenat thetip of thescope
insidetheabdomen,wecanassumethatthecamerareferenceframe,denotedasf R cg, is centeredat thetip of the
laparoscope.The constraintimposedby theabdomenentrypoint, or pivot point, preventsdirect positioningof
f R cg insidetheabdomenbecauseAESOPcontrolsthepositionof theoppositeendof thelaparoscopewhich lies
outsideof theabdomen.Thesliding constraintimposedon thescopepositionby thepivot point is demonstrated
in Figure4.

Becauseof theconstraintimposedon thecameraby thepivot point, theCartesiancoordinatesystem(x; y; z)
is not anappropriatereferenceframefor manipulatingthelaparoscope.Thus,we representthemotionof thela-
paroscopeandthereforethecamerain sphericalcoordinatesrelativeto theworld coordinateframe,f R og, located
at thepivot point. A representationof thecoordinateframesandtheir relationshipto theimageplaneis shown in
Figure5. The pivot point allows 3 degrees-of-freedom,(� ; �; � ), for manipulatingthecamera.This coordinate
systemmakessensefrom anapplicationpoint-of-view asit de�nesthetypicalcameramotions:zoomingin/out is
a changein � , panningleft/right is a changein � , andpanningup/down is achangein � .

A relationshipbetweenerrorsin featurelocationandcommandsto positionthe laparoscopein sphericalco-
ordinateshasbeenderived. This relationshipis theJacobian,J, which translatesvelocitiesof an imagefeature,
v i = [ _x; _y]T , to velocitiesof thelaparoscopein sphericalcoordinatesof theworld frame,or V s = [ _� ; _� ; _� ]T . The
derivationof J is asfollows: Weconsideratargetde�ned by animagefeaturelocatedatapointP in 3-space.Our
formulationusesa pinholecameramodelwhichhasthecamerareferenceframef R cg attachedto it. We alsoas-
sumeaperspectiveprojectionontotheimageplanewith focal lengthf . A pointP with coordinates[X c; Yc; Zc]T

in referenceframef R cg projectsontoa pointp in theimageplanewith imagecoordinates[x; y]T givenby,

x = f
X c

Zc
y = f

Yc

Zc
:

This is the idealequationfor this projection. We canincludefactorsto accountfor imagesamplingandimage
coordinatetranslation;however, wewill usetheaboveequationto simplify thenotationwithout lossof generality.

We canalsodescribethe motion of the object in the imageplane,assumingit is rigid, with respectto the
motionof thecamera.Assumingthemotionof thecameragivenby a translationalvelocity, T = [Tx ; Ty ; Tz ]T ,
andanangularvelocityW = [Wx ; Wy ; Wz ]T , thevelocityof point P canbedescribedas,

dP
dt

= � T � W � P :
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Takingthetimederivativesof theaboveexpressionfor x andy givesthemotionof thepointp in theimageplane
which is inducedby themotionof thecamera

v i = dp
dt = [ _x; _y]T = JcV c

Jc =
�

� 1
Z c

0 x
Z c

xy � 1 � x2 y
0 � 1

Z c

y
Z c

1 + y2 � xy � x

�

V c =
�

T
W

�
;

whereJc is theJacobianrelatingthecameravelocitiesto thefeaturevelocitiesin theimageplane.

Next, by a coordinatetransformationwe canrelatethecameravelocitiesin f R cg to f R og,

V c = V c
oV o =

�
R c

o 0
0 R c

o

�
V o ;

and

R c
o =

2

4
cos�cos� sin� cos� � sin�

� sin� cos� 0
cos�sin� sin� sin� cos�

3

5 ;

whereV o is the velocity vector in the world frameandR c
o is the rotationalmatrix from the cameraframeto

theworld frame.Next we relateV o to V s by differentiatingtheequationswhich relatesphericalcoordinatesto
Cartesiancoordinates,or

X o = �cos� sin�
Yo = �sin� sin�
Zo = �cos� ;

hence

T o =

2

4
Tx o

Tyo

Tzo

3

5 =

2

4
_X o
_Yo
_Zo

3

5 =

2

4
� �sin� sin� _� + �cos� cos� _� + cos�sin� _�
�cos� sin� _� + �sin� cos� _� + sin� sin� _�
�sin� _� + cos� _�

3

5 ;
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and

W o =

2

4
WX o

WYo

WZ o

3

5 = V1
_� + V2

_� ;

whereV1 = [0; 0; 1]T andV2 = [� sin� ; cos�; 0]T arevectorsin theaxisof rotation.Sowe have

V o =
�

T o

W o

�
= JsV s ;

and

Js =

2

6
6
6
6
6
6
4

� �sin� sin� �cos� cos� cos�sin�
�cos� sin� �sin� cos� sin� sin�

0 � �sin� cos�
0 � sin� 0
0 cos� 0
1 0 0

3

7
7
7
7
7
7
5

:

The�nal relationshipis then,

v i = JcV c = JcV c
oV o = JcV c

oJsV s = JV s ;

where

J = JcV c
oJs =

�
� xysin� + ycos� � �

Z c
� (1 + x2) x

Z c

� xcos� � sin� (1 + y2) � �sin�
Z c

� xy y
Z c

�
:

To implementthis in thevisualservoing framework wemustinvert theJ matrix. This matrix is of dimension
2� 3 andthereforerequiresa pseudoinverse.However, thecurrentinterfaceto AESOPis througha foot or hand
controller. Thesecontrollersusea joystick for the left/right andup/down motionsandseparatebuttonsfor the
in/outmotions.For this reasonwedecidedto limit thetrackingmotionto two degrees-of-freedomby eliminating
the in/out motion andleaving that to the surgeon. The instrumenttrackingwill allow the surgeonto guidethe
left/right andup/downmotionsof AESOPin responseto theinstrumentmotionwhile maintainingthezoomfactor
manually. Themodi�cation createsaJ matrix de�ned by

J =
�

� xysin� + ycos� � �
Z c

� (1 + x2)
� xcos� � sin� (1 + y2) � �sin�

Z c
� xy

�
;

which is a 2� 2 matrix andcanbe easilyinverted. The �nal block diagramfor thevisual servoing algorithmis
shown in Figure6, where(xd; yd) denotesthecanonicalfeaturelocation(e.g.,at thecenterof an imageframe),
(x; y) the featurelocationreportedfrom the imageprocessingalgorithm,and(� x; � y) theerror signalwhich is
usedto computetherobotcontrolsignal(� � ; � '; � � ). Thegainin thisalgorithmis usedfor robustness.Simulation
resultsarepresentedin thenext section.

4 Experimental Results

4.1 2D ImageAnalysis

We digitizedseveralreal laparoscopicsequencesfrom videotapes.Becauseof thehardwarelimitation, we were
ableto digitize only 95 framespersequencecontinuouslyat a top rateof 15 framespersecond,which covered
about6 secondsat half theframerateor 12secondsatquartertheframerate.

Two typical resultsshowing variousstagesin imageprocessingareshown in Figures7 and8. Figure7.a
shows a framewherea singleinstrumentwasvisible. The instrumentwasfairly closeto the scopewith its tip
muchnarrowerthanits shaft.Figure8.ashowsanotherframewherethreeinstrumentswerewithin sight.Figures

10



Feature Camera
TransformDetection and

Tracking

xd,yd dr
j
q

r
dj
dq

x,   yd

Motion

Camera
PositionGain AESOP

d

Instrument

-1J

x, y

Figure6: Block diagramof theAESOPvisualservoingalgorithm.

Figure7: (a) Original image(near�eld). Oneinstrumentis shown. (b) Binary imagefrom color classi�cation.
Blackandwhitepixelsrepresentsurgical instrumentsandorgans,respectively. (c) Fourdirectionalmedian�lters
wereusedto suppressnoise. (d) Labeledimage.Eachregion is shown with a differentintensity. (e) Computed
boundingbox.

Figure8: (a) Original image(far �eld). Threeinstrumentsareshown. (b) Binary imagefrom colorclassi�cation.
Blackandwhitepixelsrepresentsurgical instrumentsandorgans,respectively. (c) Fourdirectionalmedian�lters
wereusedto suppressnoise. (d) Labeledimage.Eachregion is shown with a differentintensity. (e) Computed
boundingbox.
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Figure9: A sequenceof 10 imageframesshowing themovementof a boundingbox, theseframesweresampled
from 30continuousimages.
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Figure10: Instrumenttip motiondeducedfrom theboundingboxover30consecutive images.
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Table1: Averageerrorin instrumentlocalizationandtracking

sequence numberof Mean Mean
No. frames Localization Tracking

Error Error
(pixel) (pixel)

1 29 2.5 3.8
2 30 4.5 6.3
3 25 10.6 6.3
4 22 5.0 4.1

7.b and8.b show theresultsof pixel-by-pixel classi�cation. Eachpixel in theoriginal imageswasclassi�ed as
eitheranorganpixel (white) or aninstrumentpixel (black)usingthepatternclassi�er discussedin Section2.1.

Currently, thehardwareusedlimited thetotal color resolutionto eightbits perpixel, which weredistributed
evenly to red(3 bits),green(3 bits)andblue(2 bits) color channels.Theclassi�er wastrainedto assigna unique
classlabel(instrumentor organ)to eachoneof the256color patterns.We estimatedthemisclassi�cationrateto
belessthan4%,whichwasarrivedatby addingthenumberof instrumentpixelsmisclassifyingasorganandthat
of organpixelsmisclassifyingasinstrumentasapercentageof thetotal trainingsamples.Wethenuseddirectional
median�lters to cleanthe imagesandremovedspuriousnoisepoints. Theresultsareshown in Figures7.c and
8.c.

Eachlocalizedinstrumentregion theninheriteda uniqueidenti�er throughthetemporalandspatialpropaga-
tion processesdescribedin Section2.4. Different labelsarerepresentedasdifferentgray levels in Figures7.d
and8.d. Shapeparameterswerethencomputedto estimatetheboundingbox. Figures7.eshows thecomputed
boundingbox in thenear�eld casewherea trapezoidwasused.Figure8.eshows severalboundingboxesin the
far �eld casewherea rectangularshapewasassumed.

Next stepis to updatethe boundingboxs' locationsover time to propagatethe instrumentlabels. Figure9
shows 10 sampleimagesin a 30-imagesequence.The boundingboxesaresuperimposedon the video images.
Figure10 displaysthetrajectoriesof thethreeboundingboxesin Figure9 over time. Tips of thetrackedinstru-
mentswerecomputedfrom theboundingboxapproximationanddisplayedin Figure10.

To estimatetheerrorin automatedlocalizationandtracking,wemanuallylocatedthetip of thetrackedinstru-
mentfrom animagesequenceandcomparedit with thetip locationindicatedby theboundingbox. Furthermore,
movementof the tip wascomputedusing two differentmethods:a manualprocessin which we interactively
pickedthetip of thetrackedinstrumentfrom eachandeveryframein asequenceandcomputedthemovement,and
anautomatedprocesswheretheimageprocessingroutinelocatedtheboundingboxin eachframeandtrackedthe
boundingbox movementover time. Usingthe localizationandtrackingresultsobtainedmanuallyastheground
truth,we computedtheerrorin automatedprocessing.

Wede�ned themeanlocalizationerrorastheaveragedistanceoverawholesequencebetweentheinstrument
tipsreportedfrom themanualandautomatedoperations.Similarly, meantrackingerrorwasde�nedastheaverage
differenceoverawholesequencebetweenthereportedtip movementsusingthemanualandautomatedoperations.
We computedthemeanlocalizationandtrackingerrorson four typical sequencesandtheresultsaresummarized
in Table1. Thefour sequenceswereof 29,30,25,and22frames.Thesizeof theimageframesin thesesequences
was160� 150, andtheerror wasmeasuredin termsof pixels. Sequences1 and2 depictedinstrumentsin the
near�eld, whereassequences3 and4 depictedinstrumentsin thefar �eld. Theerrorin localizationandtracking
is generallylessthan5%of theimagesize,which is quitesatisfactoryin this typeof applications.
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Table2: Cameraandopticsmodelparameters

focal length 3.37mm
�eld of view 80degrees
imagechipsize 8mm(diagonal)
imagesize 400� 400pixels

4.2 Visual Servoing

A simulationwasconductedto testthevisual servoing algorithmwith respectto modeluncertaintiesandnoise
in the featuretracking feedback. The simulationwas doneusing the block diagramshown in Figure6. The
robotblock wasmodeledasa �rst orderlag �lter with a time constantof 0.0318second.This wasbasedon our
knowledgeof thecurrentAESOProbotandits capabilities.Thecameraandopticsmodelparametersareshown
in Table2 andaretypical of thoseusedwith certainlaparoscopes.Theimagefeedbackratewasassumedto beat
0.1secondwhichwe believe is achievablewith standardDSPhardware.

In oursimulation,wede�ned afeaturepoint in 3-space,calculatedtheprojectionontotheimageplane,added
randomnoiseto thisvalue,andthenusedthisasthefeedbackfor thetrackingalgorithm.All of theseexperimental
resultsassumedthatZs , or thedepthof theobject,wasknown.

In Figure11,theresultsof centeringastationaryfeaturepoint is shown. In Figure11.athepathof thefeature
point in the imageplaneis shown with measuredvaluesof thefeaturepoint. The�gure shows thefeaturepoint
beingpositionedin theimageplaneat (0,0). Therandomnoisein this simulationwasgeneratedfrom a Gaussian
distribution of zeromeananda varianceof 2% of the imageplanesize,or approximately8 pixels. This was
consistentwith theimageanalysisexperimentalresults.

Figure11.bshows thechangein thetwo sphericalanglesundercontrolasthefeaturepoint wastracked. The
convergenceof theseanglesis clear. Finally, Figure11.cshowstheerrorbetweenthedesiredfeaturepositionand
theactualfeatureposition.Again, theconvergenceof theerrorin thepresenceof noisyfeedbackis clear.

Theability to trackthe instrumentwhile the instrumentis moving is shown in Figure12. In this experiment
the instrumentwasmoving in spaceat a rateof 20mm/sec.The featuremoved �rst in they-directionandthen
diagonallyacrosstheimageplane.Figure12.ashows thepathof the instrumentwithout any tracking. In Figure
12.bthepathof theinstrumentduringtrackingis shown. In this �gure thetrackingerrorcanbeseenasthefeature
movedin onedirectionandthenthenext before�nally comingto rest.Figures12.cand12.dshow thechangein
thecommandangleswith time andtheerrorof the featurepositionrespectively. These�gures clearlyshow the
ability of thealgorithmto trackaninstrumentin motionwith noisein theimageanalysis.

5 The Concluding Remarks

Thework we describedin this paperis an integral partof a moreambitiousprojectto developrobotic-enhanced
technology(RET) [8]. Thegoalof RETis to createamulti-appendageroboticsystemwhich is controlledthrough
a seamlessandintuitiveman-machineinterfaceby thesurgeonin orderto enhancetheoverall safetyandef�cacy
of thelaparoscopicsurgicalprocedure.Theman-machineinterfacebasedontheRETconceptis aimedatenabling
thesurgeonto simultaneouslycontrolandmaneuver multiple unitsof AESOPwith easeandwithoutadditional
useof the hands. Automatedimageunderstandingfacilitatesscopepositioningandfreesthe surgeonfrom the
tedioustaskof manuallycontrollingthevisualfeedback.It isapowerfulmechanismin its ability to allow surgeons
to seamlesslyandintuitively controltheAESOProbot.

Thoughcurrentlywehavetestedthealgorithmonly with 0o scopes,thealgorithmcanbetrivially generalized
to workwith scopesof differentviewingangles.An additionalrotationof thecameracoordinatein Figure5will be
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Figure11: (a) Pathof thefeaturepoint in theimageplane.(b) Changein sphericalcoordinatesof thelaparoscope
vs. time. (c) Error in featurelocationvs. time.
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required.It is alsopossibleto utilize this techniquewith othersensors,suchasultrasonicsensors.However, new
imageanalysisalgorithmsandservoing goalsneedbeformulated.Our futureresearchplan includesintegrating
imageprocessingwith other interfacemodules,suchas the voice recognitionand feedbacksystemcurrently
underdevelopment.Eventhoughour algorithmseemsto beadequatefor localizingandtrackinginstrumentsin
laparoscopicimages,thepotentialof automatingimageanalysisto assistsurgeonsperformingsurgeryis not fully
realized. Hence,we will continueto enhancethe imageunderstandingmodule. We believe that, with a more
sophisticatedanalysis,a greatwealthof informationcanbeextractedfrom videoimagesto aid the laparoscopic
surgery. Of particularinterestto us is the wavelet multi-resolutionimagedecomposition,which allows us to
analyzelaparoscopicimagesatmultiple scalesandorientations.
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