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Abstract

This paperdescribesa practicalandreliable imageanalysisand tracking algorithmto achieve automated
instrumentlocalizationand scopemaneuering in robotically-assistedaparoscopicsuigery Laparoscop is
a minimally invasive sugical procedurewhich utilizes multiple small incisionson the patients body through
which the sugeoninsertstools and a video scopefor conductingan operation. The scoperelaysimagesof
internalorgansto a cameraandtheimagesaredisplayedon avideoscreenThe suigeonperformsthe operation
by viewing the scopeimagesasopposedo thetraditional“open” procedurevherea largeincisionis madeon
the patients bodyfor directviewing.

The currentmodeof the laparoscop hasan assistanholding the scopeand positioningit in responseo
the suigeons verbalcommandsHowever, this resultsin suboptimalisualfeedbackbecausehe scopeis often
aimedincorrectlyandvibratesdueto handtrembling. ComputerMotion Inc. hasdevelopeda robotic laparo-
scopepositionerto replacethe assistant. The sugeoncommandsghe robotic positionerthrougha hand/foot
controllerinterface (seeFigure 1.b in Introduction). To further simplify the man-machindnterfacein con-
trolling the robotic scopepositioner we reportherea novel scopepositioningschemeusingautomatedmage
analysisandroboticvisualsenoing. Theschemeenableghe suigeonto controlhis visualfeedbackandbe more
ef cient in performingsuigerywithoutrequiringadditionaluseof thehands
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1 Intr oduction

The objectie of this researchs to develop practical and reliable image analysisand tracking algorithmsto
achieve automatednstrumentiocalizationandscopemaneueringin robot-assistethparoscopisuigery. There
hasbeena revolution in medicalsuigeryin recentyearstoward “minimally invasive suigery” [6]. Minimally
invasie sugeryreduceghetraumain icted onthe patientduringsumgery, signi cantly shortenghetime for the
patientto recuperateandlowersthe costof thetreatmentBecausef thebene t gainedover traditionalsumical
proceduresminimally invasive surgeryis fastgainingpopularity

A key technologicaladvancewhich hasfueled the minimally invasive revolution is video-laparoscop[5].
Laparoscopigproceduresre minimally invasive sumical proceduresvheresereral small incisionsare madeon
the patientto accommodatsuigical instrumentsuchasscalpelsscissorsandstapleguns.A videolaparoscope
is insertedthroughthe navel to acquirevideo imagesof the body cavity which aredisplayedin realtime on a
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Figurel: (a) Traditionallaparoscop performedby a surgeonanda scopeassistantand (b) robotically-assisted
laparoscop wherearobotreplaceghe scopeassistant.

monitorto provide visualfeedbacko the suigeon. This setupenableghe suigeonto operateénstrumentghrough
thesmallincisions,asopposedo alargeincisionfor directviewing andoperation.

This changeto a video-basedperatingparadigmopensthe door for tremendousnnovation opportunities.
Sincethe suigeonhasbecomecomfortableoperatingthrougha video interface, it is now possibleto provide
computerassistancevith addedfunctionality This projectis thusaimedat bringing state-of-the-arin imaging
androbotictechnologieso enhancehis emepging robot-assistedumgical procedure.

The currentmodeof laparoscopisumeryis that an assistanholdsthe laparoscopdor the surgeonandpo-
sitionsthe scopein responseo the verbaldirectionsfrom the suigeon(Figure 1.a). The methodof operationis
inef cient andfrustratingfor the sugeonbecause&eommandsare often interpretedand executederroneoushby
the assistant.The views are suboptimalandunstablebecauséhe scopeis aimedincorrectlyandvibratesdueto
handtrembling. Consequentlya wasteof manpower anda highrisk to the patientresult.

To improve on the currentmodeof laparoscopicsurgery, ComputerMotion Inc. hasrecentlydevelopedan
automatedscopepositioningsystemcalled AESOR for AutomatedEndoscopesystemfor Optimal Positioning
[9]. The AESOPideais to have arobotholdingthe scopeandrespondingo the positioningcommandsssuedoy
the suigeonusinga hand/footcontroller (seeFigure 1.b). This modeof operationimprovesthe visual feedback
to the suigeonby giving the suigeondirect control of his visual feedbackandeliminatingthe assistanfrom the
loop. Theprocedureanthusbe performedfasterandwith greaterease.

In this project,we use AESOPasthe testbedfor developingusefulimageanalysisandtrackingmodalities
to further facilitate laparoscopicsumgery. More precisely this projectis aimedat developing novel “handless”
paradigmgor improving the easeof the suigeonto controlhis visualfeedback Thisis accomplishedby automat-
ing thescopepositioningandaimingmechanisnandthusfreeingthe suigeonfrom usingthe hand/footcontroller
The rst stepsin achieving automatedcopepositioning,we believe, are

1. to implementpractical,real-timeimageanalysisalgorithmsfor locatingandtrackingsumical instruments
in laparoscopiémagesequencegnd

2. to usethe outputfrom imageanalysisto automatehe procesof maneueringandaimingthelaparoscope.
The AESOProbot canseno to compensatdor the movementsof aninstrumentand hasthe instrument



centeredunderthe eld of view of thescope.

We have digitized a large numberof imagesequencetakenduring real laparoscopisuigeryto sene asour
testdata. To accomplishthe rst goal above, we have obtaineda large sampleof color signaturefrom over
a hundredthousandnstrumentand organpixels in thesesequencesand have computedthe color statisticsof
variousinstrumentsand organs. Thesecolor statisticshave allowed usto classify group,andlabelinstrument
pixels. Furthermorewe cancomputethe shapeandmotion parametersf eachinstrumentregion detectedn an
imagesequence.

To accomplishthe secondgoal above, we have usedthe 2D shapeand motion parameter®f an instrument
computedrom imageanalysisto derive the control signalfor AESOPto maneuer andaim the scopeautomati-
cally. We have dervedamathematidormulationwhichrelateshechangeof appearancég.e., shapeandlocation)
of aninstrumento thescopes degreeof freedomin motion. Whenthetrackedinstruments positionand/orshape
measurementdeviatefrom thedesiredcanonicabnes(e.g. theinstrumenis toofarfrom thecenterof theimage
or becomegoo small), an errorsignalis generated AESOPthenusesthe error signalto computeandexecutea
movementhatcompensate®r the deviation automatically

The remainderof the paperis organizedas follows: Section2 discusseghe image analysisalgorithm for
instrumentlocalizationandtracking from an laparoscopidmagesequence Section3 presentshe mathematic
framawork for the AESOProbotto maneuerandaimthescopebasedn 2D imagemeasurement&xperimental
resultsbasedon bothrealimagesequenceandcomputersimulationaredescribedn Sectiond. Finally, Section
5 containsa concludingremark.

2 Automated Instrument Localization and Tracking

Thealgorithmfor instrumentocalizationandtrackingin laparoscopisequenceieratesthroughfour steps:(1)
classi cation: pixelsareclassi ed basedn their color signaturesandspuriousnoisepointsareremovedthrough
directionalmedian Itering; (2) groupingandlabeling instrumentixelsaregroupedogethermanda uniquelabel
is assignedo eachinstrumentregion. Furthermorenew labelsare generatedor instrumentgust appearingn
view; (3) shapeanalysis usefulinformation, suchasthe centroidand orientation,of an instrumentregion is
computedand a boundingbox is estimated;and (4) tempoal update movementof an instruments bounding
box betweensuccessie framesis estimatedand usedto predictits locationin the next frameto propagatehe
instrumentabelsovertime. We describehesestepsin moredetailsbelow.

2.1 Classi cation

After consultingwith practitionerdn laparoscop andstudyingmary video tapesof laparoscop, we concluded
that whenthereis sufcient lighting in an image (the laparoscopés equippedwith its own light sourcefor

illumination), instrumentsand organspossesslistinct color signatures. Furthermore instrumentshave more
elongatecshapesandthe shaftof aninstrumentis always of a circular cylindrical shapeg(sothatan instrument
canpassthroughthe cannularopeningon the body). This domain-speci cknowledgewasutilized in designing
theimageanalysisalgorithm.

The rst stagein our algorithmis to utilize differentcolor signaturesof organsandinstrumentgo classify
individual pixels. This is accomplishedy training a classi er on a large sample(over 100,000)of pixels from
overtentypical laparoscopicequencesndusingthe color statisticsthusobtainedfor classi cation.

We employ a standardBayesianclassi er which maximizesthe a posteriori probability of the classassign-
ment[2]. Mathematicallyspeakinga testsampleis characterizedby a d-dimensionaimeasuresector, X, which
shouldberepresentatie of thesample Eachpossibleclassassignmentt ; hasana priori probabilityp(! i), which
representshe class'relative frequeng of occurrenceFurthermorea conditionalprobabilityp(x j ! |) expresses
the likelihoodof a classsampleassuminga particularmeasuresectorx. A Bayesianpatternclassi er selectsa



bestlabel! ; for atestsampleof measurerectorx from asetof N possibleclassassignmentby maximizingthe
a posterioriprobabilityusingthe Bayesrule. Thea posterioriprobabilityof aclass! ; is de ned as:

px jli)pti) .

(1) = P

where

X
p(x) = p(xjlj)pt;):

j=1
Theclassassignmenivhich attainsthelargestp(! ; j x) is chosen.

In our case therearetwo classesorgan(! ;) andinstrument(! ;), henceN = 2. We estimatedhea priori
probabilitiesp(! 1) as0.7,andp(! 2) as0.3. This correspond$o thetypical scenariosvherethe sugeonoperates

two instrumentsimultaneoushandeachinstrumeniccupiegoughly 15%of theimagespace Eachsamplg(i.e.,
apixel) providesa 3-dimensionameasurerectorx = (R; G; B), wherethecomponentsepresenthered,green,

andblue color intensities.Furthermorewe assumsqb( jtiyi= 1;2tgbeamulti-variatenormaldistribution
with mean ; andvariance ;, andestimated ; = ]-N:‘l Xij Nj; = ]-N:‘l (Xjj D) (Xij DT=(N; 1),
wherex;; representshe measuresectorof samplesn classi, andN; thesamplesizeof classi, i = 1;2. Thena

pixel, with ameasurevectorx, is assignedo classi if logp; (x) > logp; (x), where

1 3 1.
logpi(x) = 5(x DTt ) 5log2  Slogj i j+logp(!i):

Somesampleclassi ed imagesareshovn in Figures7.band8.bin Section4. To remove spuriousnoisein
thesemageswe usefour directional(vertical5 1, horizontall 5,45 5 5,and 45 5 5) medianlters
to Iter theimages.Sometypical outputsfrom median Itering areshavn in Figures7.cand8.c.

2.2 Grouping and Labeling

The classi cationresultis storedasa binary image. We thenassigna uniquelabel to pixelsin eachlocalized
instrumentregion. The pixel identity is determinedin two phases:a temporalpropagationphasewherethe
instrumentlabelsfrom the previous frame are propagatedo the currentframe, and a secondspatialrelaxation
phasewnheretheidentitiesof still unlabelednstrumenpixelsaredeterminedy their spatialadjaceng to already-
labeledinstrumentixels.

As will bediscussedn Section2.4,we predictthelocationsof instrumentregionsin the currentframeusing
their positionsin the previous frameandthe anticipatedmovement. The anticipatedmotion of aninstrumentis
computedasaweightedaverageof theinstrumenimotionoverafew previousframes.Instrumenpixels,detected
in the currentframeandwhosepositionscon rm to the predictedinstrumentiocations,assumehe labelsof the
instrumentpixelsof the previousframe.

As we anticipateerrorin this simple motion predictionschemewe go throughanotheriterationwherestill
unlabelednstrumentpixels copy thelabelsof nearbyinstrumentpixels. This processs performedn the spatial
domainthroughrelaxation. At eachiteration, an unlabeledinstrumentpixel assumeshe label of its neighbor
ing instrumentpixel, if sucha pixel exists andis labeled. The numberof iterationsdependson haw muchan
instrumentcanmove betweersuccessie frames.More iterationsareneededo propagaténstrumentabelsover
along distanceif large instrumentmotionis expected. Our experiencendicatesthat at half the video rate (the
top samplingrateof our hardware),movementof aninstrumentn ary directionin theimageplaneis usuallyless
than10 pixelsperframe.Sotherelaxationstepis limited to ten.

Finally, if therearestill unlabelednstrumentpixelsleft afterthetemporalandspatialpropagatiorstepsthese
pixels areeitherdiscardedasspuriousnoisepoints,or registeredasa new instrumentin the next shapeanalysis
stage.
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Figure2: Computatiorof the Boundingbox.

2.3 ShapeAnalysis

Eachlocalizedinstrumentregion is tted with a boundingbox. The needsfor a boundingbox approximation
are: (1) Dueto unevenlighting andspecularre ection, a localizedinstrumentregion may assumea somavhat
irregular shape(For example,seethe instrumentregion at the lower left cornerin Figure 8.c). However, it is
known thatthe shaftof aninstruments of a cylindrical shapewhich dictatesits appearanca theimageplane.
For example,whenan instrumentis far away from the scope(the far eld case),deally its projectionassumes
a rectangulaishape.Whenone endof aninstrumentis muchcloserto the scopethanthe other (the near eld
case),ts projectionresembles trapezoid.This domainknowledgecanbe usedto regularizeimageprocessing;
(2) Theboundingbox representatiois moreef cient in storage.Shapecharacteristicssuchasthe centroidand
tip locations,areusefulparameterin controllingtheaiming of thescope;and(3) Goodnesén the boundingbox
approximationcanbe usedto identify instrumentgust enteringthe eld of view. It canalsobe usedto discard
largedarkareasn imageswhich have acolor signaturesimilarto thatof aninstrumentegion, but assumemuch
moreirregularshape.

We computethe Oth, 1st, and 2nd-ordermomentsfor eachinstrumentregion. If the ratio of M 5o to Mg
exceeds certainthreshold—whichindicatesanelongatedshape—theegionis classi edasaninstrumentegion,
whereM ;o andM o, denotethe second-ordemomentscomputedn the object-centeredoordinatesystenm{4].

D In thefar eld casewe computeth,g boundingbox asa recﬁangleof width 2p M2=(Moo 1) andheight
2 Mg=(Mqgy 1) (Figure2), where' My o=(Mgy 1) and Mg=(Mgo 1) areusedto approximatethe
spreadf instrumenpixelsalongthetwo principalaxes. Two timesthespreadtoveralmostL00%of aninstrument
region. In thenear eld casetheboundingboxis assumedo be a trapezoidwhosebaseis twice aswide asits
top. Letw andh denotethelengthsof the baseandheightof suchatrapezoid onecaneasilyshav that
_3.n- _ 3 .3n-

Moo—ZWh, Mzo—aWh.
B’g\sedon the above equationsywe computew ang h asfunctionsof M g9 andM g, or the length of the baseis
4" M,0=M oo andthatof the heightis M 0o32=(3" Myo) (Figure2).

2.4 Temporal Update

Finally, positionsof the boundingboxesof theinstrumentregionsin the next framearepredictedor propagating
instrumentabelsto the next frame. Denotethe positionsof thefour cornerpointsof aboundingbox atthecurrent



frameascp; (t) = (cpy, (t); cpy, (1)), thencp;(t + 1) is estimatedisinga simpleformula

K 1

cpi(t+ 1) =cpi(t)+  w(k)(cpi(t k) cpi(t k 1);
k=0

whereK is the numberof imageframesusedin predictingtheinstrumemmovement,anolP Ezolw(k) =1 In
ourexperimentk = 4, andw(0) = 8=15;w(1) = 4=15;w(2) = 2=15;w(3) = 1=15: The predictedpositionsof
the cornerpointsareusedto estimatethe locationof aninstrumentregion in the next frame. A templateimage
with updatednstrumentregionsis generated Pixels retaintheir labelsin this templateimageandthis imageis
usedto aid in thegroupingandlabelingprocesslescribedabove.

2.5 SpecularRe ection

Oneimplementatiordetailworth mentioningis how speculare ection is handled.Laparoscopiémagesattimes
shav strongspeculare ection on both organandinstrumentsurfacesbecause strong,focusedight sourceis
usedfor illumination,andbodily uid tendsto accumulatén theabdominakavity. Becausehecolor of specular
re ection is that of the light source,the color classi cation schemedoesnot work well andit canbe dif cult
to tell whethera specularspotis partof aninstrumentor an organbasedon the color informationalone. Here,
we rely mostly on temporalandspatialpropagatiorprocessesescribedn Section2.2to classifyspecularspots.
Thatis, pixelsassumingpecularcolor areclassi ed asinstrumentixelsif thesepixelscon rm to theinstrument
locationspredictedhroughtemporalpropagationSpeculare ection spotscanalsobemergedinto aninstrument
regionif it is spatiallyadjacento thatregion.

2.6 Time Complexity

We give anestimateof therateof imageanalysisn termsof oating-point andintegeroperationsieededDenote
T, thetimeto executeanintegeroperationandTg thetimeto executea oating-point operation We assumehat
thereareN; instrumentlustersandN s speculaispotsin animage,andthesizeof theimageis N, pixels.

In the classi cation stage the patternclassi er is trainedoff line andresultsstoredin atable. Classi cation
basedon color signhaturehususesa tablelook-up processandno oating-point operationis needed Processing
time for pixel classi cationis thus2N T, , or oneindexing andoneassignmendperationger pixel.

Most of the processingime is spenton median Itering, andon groupingandlabeling. Filtering animage
with four directionalmedian Iters takes48N,T, operationgperimageframe,becausefor eachmedian lter ,
ve fetchandadd (10N, T, ), onecomparison(N, T, ), andoneassignmenbperationgN T, ) arenneeded.For
spatialrelaxation,a maximumof 9K N, T, operationsare neededwhereK is the numberof iterationsin the
spatialrelaxationprocess.The constan® comesfrom onecomparisoroperationfor eachof the eightneighbors
plusonemoreclassassignmentAnother3N, T, operationsareneededor the temporalpropagatiorstepwhere
instrumentabelsarepropagatedrom the previousframeto the currentframeby a simplelogic operationwhich
involvestwo comparisongo asserthat pixelsin the currentframeandin the temporaltemplateare both of the
instrumentype, plusonepossibleassignmenbperation.

To processnstrumentpixels left unlabeledafter temporaland spatialpropagation, 18N, T, operationsare
neededwhereonecomparisoris for locatinganunlabeledixel, onecomparisorandoneassignmenbperations
per neighborfor the 8 neighborsto nd a minimum label, and one assignmenfor storing the chosenlabel.
Computingthe momentsof aninstrumentregion hasa complexity of 4N, T, , whereonelogic operationis used
to ascertairtheidentity of a pixel and3 additionsarefor computingthe areaandcentroid. Furthermore1ON , T
operationsare usedto computethe principal axis directions. One notesthat theseoperationsequirescanning
imagespixel by pixel andcanbetime consumingHowever, onealsonotesthatbecausef theregularity of these
algorithms they canbeeasilyparallelizedto achiere a signi cant speedup.
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Figure3: Expectedperformancef theimageanalysisalgorithm

Computingthe boundingbox dimensiorandlocation,andcomputingtheinstrumenimotionareconstantime
operationsndependentf the sizeof the processingvindow. We estimatehe complexity to be47N; Te . Finally,
amaximumof 85N, T, + 47N; Tr + 16N;NsT, operationsareneededo processpeculare ection spotsin the
worstcase:classi cation(2N, T, ), Itering (48N,T,), labelingfrom temporalpropagatior(3N T, ), assigninga
new label(18N, T, ), computingheshapeparameteréAN , T, ), estimatingheboundingoox (10N, T, + 47N; T¢ ),
andmeminginto anearbyinstrumentregion (16N;NsT; ).

Therefore the total computatiortime is (170+ 9K )NT; + 94N;Tg + 16N;NsT,. If N; = Ng = 1and
K = 10, approximatelyl2,000pixels canbe processedby our algorithmevery 30th of a secondon a computer
ratedat 20 MFLOPSand100 MIPS. Figure 3 shawvs the estimatedesponseaate asa function of the sizeof the
processingvindow andthe speedof the computer Eachcurve in Figure 3 in factrepresents family of curves
whereN; canrangearywherefrom 1to 10. Thatis, becausenostof the operationsarerepeatedverthewhole
imageframe,thenumberof instrumentegionsdoesnotsigni cantly affectthe processingpeedThis plot allows
usto selectthe processingvindow sizethatmaintainsthe desiredprocessingpeed.

3 Visual Sewvoing using Image Analysis Feedback

This sectiondescribeghe mathematicaframework for utilizing the imageanalysisalgorithm describedn the
previoussectionasafeedbackmechanisnior controlling AESOP Thegoalis to enablethe suigeonto command
AESOPto positionan instrumentfeature,suchasthe tip of the instrument,at a desiredlocationin the image
andthentrackthe featureasit moves. This capabilityis a crucial steptowardscreatinga seamlessnan-machine
interfacebetweerthe sugeonandthe AESOPsystem.

Visual senoing of a robot manipulatorhasbeenstudiedby a numberof researcher§7, 3, 10, 1]. Visual
senoing as appliedto robotic control of anlaparoscope&anbe de ned as: “Given the currentlocation of the
tracked feature(e.g.,the tip of aninstrument)in theimageplane,how do we manipulatethe scopeso thatthe
featureappearatthedesiredmagelocation(e.g.,centerof theimage)?"Thegeneraform of thevisualsenoing
algorithmdrivesthe cameramotionbasedn errorbetweerthe desiredandcurrentfeaturelocationsin theimage
plane. Hence,the control law usedby the senoing algorithm mustrelatethe error in featurepositionto an
appropriatecameracommandvhichis thenimplementedy therobot.

Previousresearctonvisualsenoing hasassumedhe cameras capableof generaimotionin 3-spacei.e.,ary
positionandorientation(pose)[7]. However, the physicalconstrainimposedon the scopeandhencethecamera
position,presentsiew problemsfor this application.In laparoscopisugerythe cameras typically mountedon
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thebackendof thescope putsideof theabdomenandtheimageis projectedontothe cameraCCD imagingchip
throughthe scopeoptics.Becausehelaparoscopiopticssimply translateheimageasseenatthetip of thescope
insidetheabdomenye canassumehatthecameraeferencdrame,denotedasf R . g, is centeredatthetip of the
laparoscopeThe constraintimposedby the abdomerentry point, or pivot point, preventsdirect positioningof

f R cginsidetheabdomerbecaus@ESOPcontrolsthe positionof the oppositeendof thelaparoscop&vhich lies
outsideof theabdomen Thesliding constrainimposedon the scopepositionby the pivot pointis demonstrated
in Figure4.

Becausf the constrainimposedon the cameraby the pivot point, the Cartesiarcoordinatesystem(x; y; z)
is notanappropriataeferenceramefor manipulatingthe laparoscopeThus,we representhe motion of the la-
paroscopandthereforehecameradn sphericaktoordinateselative to theworld coordinatérame,f R , g, located
atthepivot point. A representationf the coordinateframesandtheir relationshipto theimageplaneis shavn in
Figure5. The pivot point allows 3 degrees-of-freedom, ; ; ), for manipulatingthe camera.This coordinate
systemmakessensdrom anapplicationpoint-of-view asit de nesthetypical cameramotions:zoomingin/outis
achangdn , panningleft/rightis achangdn , andpanningup/donn is achangen

A relationshipbetweenrerrorsin featurelocationandcommandgo positionthe laparoscopén sphericalco-
ordinateshasbeenderived. This relationshipis the Jacobian,, which translates/elocitiesof animagefeature,
vi = [x;y]", to velocitiesof thelaparoscopén sphericacoordinate®f theworld frame,orVs = [ - 7. The
derivationof J is asfollows: We considefatargetde ned by animagefeaturelocatedatapoint P in 3-spaceOur
formulationusesa pinholecameramodelwhich hasthe camerareferencdramef R g attachedo it. We alsoas-
sumea perspectie projectionontotheimageplanewith focallengthf . A pointP with coordinate$X ¢; Y¢; Z¢]"
in referenceéramef R . g projectsontoa pointp in theimageplanewith imagecoordinategx; y]™ givenby,

x=f=—=

XC YC
=f=:
z. Y77,

This is the ideal equationfor this projection. We canincludefactorsto accountfor imagesamplingandimage
coordinatdranslationhowever, we will usetheaborse equatiorto simplify thenotationwithoutlossof generality

We canalsodescribethe motion of the objectin the imageplane,assumingt is rigid, with respecto the
motion of the camera.Assumingthe motion of the cameragivenby atranslationavelocity, T = [Tx; Ty; T,]",
andanangularvelocity W = [Wy; Wy; W,]", thevelocity of pointP canbedescribeds,

daP

= T W P
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Takingthetime derivativesof theabove expressiorfor x andy givesthe motionof thepointp in theimageplane
whichis inducedby themotionof thecamera

Vi = (21_"2 = [)S:ﬂT = JcVe

3 - = 0 X x 1 x2 vy

¢ 0 = = 1l+y? Xy X
T

Ve = W ;

wherel; is the Jacobiamelatingthe cameravelocitiesto thefeaturevelocitiesin theimageplane.

Next, by a coordinateéransformatiorwe canrelatethe cameravelocitiesin f R ;gtof R g,

R¢ O
Ve=VEV, = 0 Vo
(o3 0 (o] 0 Rg (o]
and 2 . .
cos cos  sin cos sin
RE=4  sin cos 0 5;
COos sin sin sin cos

whereV , is the velocity vectorin the world frameandR¢ is the rotationalmatrix from the cameraframeto
theworld frame. Next we relateV , to V ¢ by differentiatingthe equationswhich relatesphericalcoordinatego
Cartesiarcoordinatesor

Xo = cos sin
Yo = sin sin
Zo = COS ;
hence 2 3 2 3
Ty, Xe sin sin _—+ cO0S C0S —+ COS sin
To=4T,9=4Y, =4 cos sin _+ sin cos —+sin sin _ 9 ;
Tz, Ze sin  _+ cos _



and 2 3
Xo
Wo=4 Wy, 5=Vi_+Vo_;

Wz,
whereV; = [0;0;1]" andV, = [ sin ;cos ;0]" arevectorsin theaxisof rotation. Sowe have
T
Vo WOO = JsVs;
and 2 . . .
sin  sin COS COS  Cos sin
cos sin sin cos sin sin
J. = 0 sin cos
s 0 sin 0
0 cos 0
1 0 0

The nal relationships then,
V| = vac = JCVSVO = JcV8J5VS = JVS )

where i ( %)
Xysin + ycos 7; (I+x
= ¢ = . Zc
J JcVgds XCOS sin (1+ y2) % Xy

<=

To implementthis in the visual senoing framavork we mustinvertthe J matrix. This matrixis of dimension
2 3 andthereforerequiresa pseudoinerse.However, the currentinterfaceto AESOPIs througha foot or hand
controller Thesecontrollersusea joystick for the left/right and up/davn motionsand separatéduttonsfor the
infoutmotions.For thisreasorwe decidedo limit thetrackingmotionto two degrees-of-freedorby eliminating
the in/out motion andleaving thatto the sugeon. The instrumenttrackingwill allow the sulgeonto guidethe
left/right andup/davn motionsof AESOPIn respons¢o theinstrumenmotionwhile maintainingthezoomfactor
manually Themodi cation createsaJ matrix de ned by

3y - xysin +ycos = @+x)
xcos sin (1+y?) 2o Xy '

Zc

whichis a2 2 matrix andcanbe easilyinverted. The nal block diagramfor the visual senoing algorithmis
shawn in Figure6, where(Xq; yq¢) denotegshe canonicafeaturelocation(e.g.,atthe centerof animageframe),
(x; y) the featurelocationreportedfrom the imageprocessinglgorithm,and( x; y) theerrorsignalwhichis
usedtio computeherobotcontrolsignal( ; '; ). Thegainin thisalgorithmis usedfor robustnessSimulation
resultsarepresentedn the next section.

4 Experimental Results

4.1 2D Image Analysis

We digitized severalreallaparoscopicequenceffom videotapes.Becausef the hardwarelimitation, we were
ableto digitize only 95 framesper sequenceontinuouslyat a top rateof 15 framesper secondwhich covered
about6 secondsit half theframerateor 12 secondsit quarterthe framerate.

Two typical resultsshowving variousstagesn imageprocessingare shovn in Figures7 and8. Figure7.a
shaws a framewherea singleinstrumentwasvisible. The instrumentwasfairly closeto the scopewith its tip
muchnarroverthanits shaft. Figure8.ashavs anotheiframewherethreeinstrumentsverewithin sight. Figures
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Figure6: Block diagramof the AESOPvisualsenoing algorithm.

Figure7: (a) Originalimage(near eld). Oneinstrumentis shovn. (b) Binary imagefrom color classi cation.
Black andwhite pixelsrepresensumgical instrumentsandorgans respectiely. (c) Fourdirectionalmedian lters
wereusedto suppressoise. (d) Labeledimage. Eachregion is shovn with a differentintensity (e) Computed
boundingbox.

Figure8: (a) Originalimage(far eld). Threeinstrumentsareshown. (b) Binaryimagefrom color classi cation.
Black andwhite pixelsrepresensumgical instrumentsandorgans respectiely. (c) Fourdirectionalmedian lters
wereusedto suppressoise. (d) Labeledimage. Eachregion is shovn with a differentintensity (e) Computed
boundingbox.
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Figure9: A sequencef 10imageframesshaving the movementof aboundingbox, theseframesweresampled
from 30 continuoudmages.
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Figure10: Instrumentip motiondeducedrom the boundingbox over 30 consecutieimages.

12



Tablel: Averageerrorin instrumentocalizationandtracking

sequenceg numberof Mean Mean
No. frames | Localization | Tracking

Error Error
(pixel) (pixel)

1 29 25 3.8

2 30 4.5 6.3

3 25 10.6 6.3

4 22 5.0 4.1

7.band8.b shav the resultsof pixel-by-pixel classi cation. Eachpixel in the original imageswasclassi ed as
eitheranorganpixel (white) or aninstrumentpixel (black) usingthe patternclassi er discussedn Section2.1.

Currently the hardwareusedlimited the total color resolutionto eight bits per pixel, which weredistributed
evenlyto red (3 hits), green(3 bits) andblue (2 bits) color channelsTheclassi er wastrainedto assigna unique
classlabel (instrumentor organ)to eachoneof the 256 color patterns We estimatedhe misclassi cationrateto
belessthan4%, which wasarrivedat by addingthe numberof instrumentixelsmisclassifyingasorganandthat
of organpixelsmisclassifyingasinstrumentsa percentagef thetotaltrainingsamplesWe thenuseddirectional
median Iters to cleantheimagesandremoved spuriousnoisepoints. The resultsareshavn in Figures7.c and
8.c.

Eachlocalizedinstrumentregion theninheriteda uniqueidenti er throughthe temporalandspatialpropaga-
tion processeslescribedn Section2.4. Differentlabelsare representedsdifferentgray levelsin Figures7.d
and8.d. Shapeparametersverethencomputedo estimatethe boundingbox. Figures7.e shavs the computed
boundingboxin thenear eld casewhereatrapezoidwvasused.Figure8.eshavs severalboundingboxesin the
far eld casewherearectangulashapevasassumed.

Next stepis to updatethe boundingboxs' locationsover time to propagatehe instrumentlabels. Figure9
shavs 10 sampleimagesin a 30-imagesequenceThe boundingboxesare superimposen the videoimages.
Figure 10 displaysthe trajectoriesof the threeboundingboxesin Figure9 overtime. Tips of thetrackedinstru-
mentswerecomputedrom the boundingbox approximatioranddisplayedn Figure10.

To estimatetheerrorin automatedocalizationandtracking,we manuallylocatedthetip of thetrackedinstru-
mentfrom animagesequencandcomparedt with thetip locationindicatedby the boundingbox. Furthermore,
movementof the tip was computedusingtwo differentmethods:a manualprocessin which we interactvely
pickedthetip of thetrackedinstrumenfrom eachandeveryframein asequencandcomputedhemovementand
anautomategbrocesavheretheimageprocessingoutinelocatedthe boundingboxin eachframeandtrackedthe
boundingbox movementovertime. Using the localizationandtrackingresultsobtainedmanuallyasthe ground
truth, we computedheerrorin automategrocessing.

We de ned themeanlocalizationerrorasthe averagedistanceover awhole sequenceetweertheinstrument
tipsreportedrom the manuakndautomateaperationsSimilarly, meartrackingerrorwasde ned astheaverage
differenceoverawholesequenceetweerthereportedip movementsisingthemanualndautomateperations.
We computedhemeanlocalizationandtrackingerrorson four typical sequenceandtheresultsaresummarized
in Tablel. Thefour sequencewereof 29,30, 25,and22 frames.Thesizeof theimageframesin thesesequences
was160 150, andthe errorwasmeasuredn termsof pixels. Sequence4 and?2 depictedinstrumentsn the
near eld, whereasequence8 and4 depictednstrumentsn thefar eld. Theerrorin localizationandtracking
is generallylessthan5% of theimagesize,whichis quite satishctoryin this type of applications.
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Table2: Cameraandopticsmodelparameters

focallength 3.37mm

eld of view 80degrees
imagechip size | 8mm(diagonal)
imagesize 400 400pixels

4.2 Visual Sewoing

A simulationwasconductedo testthe visual senoing algorithmwith respecto modeluncertaintiesandnoise
in the featuretracking feedback. The simulationwas doneusingthe block diagramshown in Figure6. The
robotblock wasmodeledasa rst orderlag Iter with atime constaniof 0.0318second.This wasbasedon our
knowledgeof the currentAESOProbotandits capabilities. The cameraandopticsmodelparametergsreshavn
in Table2 andaretypical of thoseusedwith certainlaparoscopesrheimagefeedbackatewasassumedo be at
0.1secondvhichwe believe is achievablewith standardSPhardware.

In our simulation,we de ned afeaturepointin 3-spacecalculatedhe projectionontotheimageplane,added
randomnoiseto thisvalue,andthenusedthis asthefeedbacKor thetrackingalgorithm.All of theseexperimental
resultsassumedhatZ s, or the depthof the object,wasknown.

In Figurel1,theresultsof centeringa stationaryfeaturepointis shovn. In Figurell.athe pathof thefeature
pointin theimageplaneis shavn with measured/aluesof the featurepoint. The gure shows thefeaturepoint
beingpositionedn theimageplaneat (0,0). Therandomnoisein this simulationwasgeneratedrom a Gaussian
distribution of zeromeanand a varianceof 2% of the imageplanesize, or approximately8 pixels. This was
consistentvith theimageanalysisexperimentaresults.

Figurell.bshawvsthechangen thetwo sphericalinglesundercontrolasthefeaturepointwastracked. The
convergenceof theseangless clear Finally, Figurell.cshavstheerrorbetweerthe desiredfeaturepositionand
theactualfeatureposition. Again, the corvergenceof theerrorin the presencef noisyfeedbacks clear

The ability to trackthe instrumentwhile the instrumentis moving is shavn in Figure12. In this experiment
the instrumentwasmoving in spaceat a rate of 20mm/sec.The featuremoved rst in they-directionandthen
diagonallyacrosghe imageplane.Figure12.ashows the pathof the instrumentwithout any tracking. In Figure
12.bthepathof theinstrumentduringtrackingis shavn. In this gure thetrackingerrorcanbeseerasthefeature
movedin onedirectionandthenthenext before nally comingto rest. Figures12.cand12.dshowv thechangean
the commandangleswith time andthe error of the featurepositionrespectiely. These gures clearly shav the
ability of thealgorithmto trackaninstrumentin motionwith noisein theimageanalysis.

5 The Concluding Remarks

Thework we describedn this paperis anintegral partof a moreambitiousprojectto developrobotic-enhanced
technologyRET)[8]. Thegoalof RET is to createa multi-appendageoboticsystemwhichis controlledthrough
a seamlesandintuitive man-machinénterfaceby the suigeonin orderto enhanceahe overall safetyandef cacy
of thelaparoscopisumical procedureTheman-machinénterfacebasedntheRET concepis aimedatenabling
the surgeonto simultaneouslhcontrolandmaneuer multiple units of AESOPwith easeand without additional
useof the hands Automatedimageunderstandindacilitatesscopepositioningand freesthe suigeonfrom the
tedioustaskof manuallycontrollingthevisualfeedbacklt is a powerful mechanisnin its ability to allow surgeons
to seamlesslyandintuitively controlthe AESOProbot.

Thoughcurrentlywe have testedhe algorithmonly with 0° scopesthe algorithmcanbetrivially generalized
towork with scope®f differentviewing angles.An additionalrotationof thecameracoordinaten Figure5will be
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Instrument Path in Image Plane
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Figurell: (a) Pathof thefeaturepointin theimageplane.(b) Changédn sphericaktoordinate®f thelaparoscope

vs. time. (c) Errorin featurelocationvs. time.
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Instrument Path in Image Plane (no tracking)
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Figure12: (a) Instrumentmotionin imageplanewithout tracking. (b) Path of featurepoint beingtrackedin the
imageplane.(c) Changean sphericakoordinate®f laparoscopes. time. (d) Errorin featurelocationvs. time.
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required.lt is alsopossibleto utilize this techniquewith othersensorssuchasultrasonicsensorsHowever, new
imageanalysisalgorithmsandserwing goalsneedbe formulated.Our future researciplanincludesintegrating
image processingwith other interface modules,suchas the voice recognitionand feedbacksystemcurrently
underdevelopment.Eventhoughour algorithmseemsdo be adequatdor localizing andtrackinginstrumentsn
laparoscopiémagesthe potentialof automatingmageanalysigo assisisuigeonsperformingsurgeryis notfully
realized. Hence,we will continueto enhancehe imageunderstandingnodule. We believe that, with a more
sophisticated@nalysis,a greatwealthof informationcanbe extractedfrom videoimagesto aid the laparoscopic
sugery. Of particularinterestto us is the wavelet multi-resolutionimage decompositionwhich allows us to
analyzelaparoscopiémagesat multiple scalesandorientations.

Acknowledgement: This projectwassupportedn partby a Stateof CaliforniaMICRO grant,93-158.
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