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ABSTRACT

We presentalgorithmsfor image-basedrenderingand modeling
in video-endoscopyOur algorithmsare aimedat alleviating two
commorviewing problemsn video-endoscopythatthescopeview
is often distorted and orientedwrongly (a dis-orientationprob-
lem), and that the scopeview is acquired from a viewpoint that
deviatesfromthesumgeon's (a dis-associatiomproblem).Our solu-
tionsstriveto alleviate theseproblemsto arrive at a more “open-
sumgery-like” and“surgeon-centezd” display We presentexper
imental resutlsbasedon real endoscopicvideo to illustrate our
image enhancemergrocedues.

1. INTRODUCTION

Ourresearchs aimedat enhancinghevisualfeedbacko the sur

geonin endoscop to shortenthe operationtime, improve patient
safety andachieve costsaringsin healthcare.Video-endoscop a

modeof minimally-invasive suigery, hasprovento besigni cantly

lessinvasie to the patient. However, it createsamuchmorecom-

plex operationervironmentthat requiresthe suigeonto operate
througha video interface. Visual feedbackcontrol andimagein-

terpretatiorcanbe challengingandnon-intuitive. We identify two

signi cant visualizationproblemsin endoscop: that the scope
view is oftendistortedandorientedwrongly (adis-orientatiorprob-
lem), andthat the scopeview is acquiredfrom a viewpoint that

deviatesfrom the suigeons (a dis-associatiorproblem). In this

paper we presenibur solutionsin alleviating theseproblemsand
somepreliminaryresults.

2. METHODS AND RESULTS
Here,wepresenburcurrentwork onimagerecti cation andimage-
basedendering(IBR) in endoscop Imagerecti cation is needed
to alleviate the dis-orientatiorproblemby maintainingthe “head-
up” displayatall times,regardlesf the physicalmaneuer (pan-
ning and rotation) of the endoscop. IBR is usedfor stitching
togetherthe operationvideo to constructa 3D descriptionof the
visible portion of the operationcavity with high visual realism
throughimage-basetexturemapping.This 3D descriptiorallows
the visible portion of the operationcavity to be renderedrom a
viewpoint that is closerto the suigeons perspectie to alleviate
thedis-associatioproblem.

2.1. Image Recti cation

TheimageRecti cation algorithmcompriseshreestages:

1.) In the rst stageafew imagefeaturesareselectecandtracked
in endoscopiwideo. Thefeaturesareareaof theimagethathave
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a high numberof edgesor cornerswith a high intensity contrast.
The correspondencesf imagefeaturesare establishedising an
af ne model.

2.) Thesecondstagetakesthe 2D coordinate®f the correspond-
ing featuresn successie framesandestimateshe cameramotion
parametersysing the 8-point algorithm[1, 2]. Herethe coordi-
natesof the centersof the tracked 2D featuresaretaken asinputs
to the 8-pointalgorithm. This stagerecoversthe perceptuatiepth
of thetrackedfeaturesandthe cameraransformation.

3.) Finally, in thethird stage we infer the directionof anabstract
“head-up”vectorin the cameras currentreferenceframe, based
on the recovered cameratransformationparameters. The head-
up vectoris the onethatis locateddirectly in front of the camera
andis pointingin the“up” directionin thesumgeon's fameof refer
ence.Knowing thevectors 3D coordinatesn thecamenr'scurrent
frameallows usto projectit ontotheimageplane. The deviation
of this projectionfrom theimages y-axistells usby how muchthe
imageshouldbe rotatedto male the arrov appearagainas“up”
on the screen.Executionof this rotationthenrecti es the camera
frame,aswell asthe entireimage,to con rm the suigeons frame
of reference.

While therecti cation algorithmis rootedin traditionalcom-
putervision, our contributionis in signi cantly improving theef -
ciencyandrobustnes®f thetraditional techniquesto suitthis new
applicationdomain. In particular we reformulatedthe 2D track-
ing problemusingFourier analysisandwereableto achieve over
100-fold speedncreaseover the conventionalspatialhierarchical
correlation-basetechniquegl, 2]. This speedupis very signi -
cant,asthebottleneckin imagerecti cation is in 2D tracking.As
the 3D structureinferencesteptakes negligible time comparing
to the 2D trackingstep,andthe actualrecti cation of imagescan
be ef ciently performedusingthe graphicsprocessoin modern-
day PCs. Furthermorethis improvementis achieved without ary
specialhardware(e.g.,DSP)accelerationWith hardwareacceler
ation, evengreaterspeedups possiblefor potentiallyrealtime or
nearrealtime tracking. Onelastthing to noteis thatthe tracking
methodis generalfor all surfacetypesand doesnot requireary
specialobjectmodelto guidethe search.

For 3D analysis,our formulation correctsan oversightin the
corventional8-pointalgorithmthatmalesit susceptibleo numer
ical errorwhenthetracked pointsassumenapproximatelyplanar
con guration. In video-endoscop operationsthe cameraoften
times maovesvery closeto an organor the abdominalwall (for a
closerinspectionby the suigeon).Hence the con guration of the
tracked featureseasily reduceto a (nearly) planarone. Without
our correction,the recoreredcameraparametersvill be suscepti-
ble to large numericerrorsso asto renderrecti cation unreliable.



Fig. 1. Original andrecti ed sequence@op andbottomrows, respectrely) from realendoscop suigery

Furthermorewe emplagy redundang androbusterrornormto sig-
ni cantly improve the accurag and minimize the possibility of
lossof track.

In Fig. 1, video obtainedfrom real endoscop sumgery inside
an abdominalcavity wasusedfor recti cation. Herethe camera
executedgeneralmovementin which all degreesof motion free-
domwereexercised.Additionally, a free-ming instrumentwas
presenin the eld of view which further complicatecthe recti -
cationprocessFig. 1 shavs sampleframesfrom anoriginal anda
recti ed sequenceTheoriginal andrecti ed imagesareshavn in
pairsof two rows: Thetop rows shav the original sequencevith-
outrecti cation andthebottomrows shav therecti ed results.As
canbeseerthattheviews in thebottomrows stayvery stableeven
with largerotationof view andinstrumentmovement.

2.2. Image-BasedRendering

To alleviatethe dis-associatioproblemit would bebene cial that
photo-realisticviews of the operationcavity be renderedrom a

viewpoint thatis closerto the suigeons perspectie. Generally
speakingfaithful renderingof 3D modelsmustdepictbothanob-

ject's geometryand appeaancewith high delity andaccurag.

As far asimagerenditionis concernedthe geometricattributes
answetrthe “where” questionasin whereanobjectshouldappear
in animage,andtheappearancattributesanswerthe “how” ques-
tion, asin how anobjectshouldlook like. A modelingalgorithm
must judiciously decidehon geometryand appearancelataare
gatheredrecoded,and used,as thereis a trade-of, in termsof

storageandcomputationbetweerrecordinganobjects geometry
andappearance.

On one extreme (which we call “structue prefeential’), a
laserrange nder may be usedto recorda single(or a few) dense
3D mapsandvideo imagesof the environment. On the other ex-
treme(whichwe call“appeaanceprefeential’), alargecollection
of imagescanbeacquiredandstitchedtogetherinto a 2D environ-
mentalmap. [3, 4, 5, 6, 7, 8, 9]. Sucha mapcaptureghe appear
anceof the environmentwithout ary explicit 3D structuralinfor-
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Fig. 2. (a) Syntheticdata(with known ground-truth)usedto vali-
datealgorithm,and(b) comparisorof recorereddepthandground-
truth for aslice of the 2D surface

mation. Novel imagesarethenre-sampledandinterpolatedirom
the ervironmentalmap. Thetradeof is that,in the structurepref-
erentialapproaches3D depthis explicitly recordedwhich allows
imagesof the ervironmentrenderedrelatively effortlessly from
novel camergposegthroughre-projectionandre-sampling).The
disadwantageof the structurepreferentialapproachess in need-
ing specialhardware or softwareto recover 3D informationfrom
videoandtime consuming3D samplingprocesses.

Herewe shaw thatamiddle-of-the-roador best-of-both-wrlds)
approaclkcanbe advantageousomparedo the extremes.An ob-
senationwemaleis that3D worldsof interestareseldomrandom,
anda high degreeof regularity andredundang do exist in struc-
tures. Structuralregularity shavs up in imagesashomogeneous
regions(in termsof shadingcolor, andtexture)with smoothwell-
de ned boundariesseparatinghem. Insteadof recovering and
recordingstructuralinformation pixel-by-pixel using,say alaser
range nder or otherspecializedhardware, we can exploit scene
regularity andredundancyo recover 3D structural informationin
a computationallysufcient and efcient manner Structuralregu-
larity allows segmentingimagesinto regions, of which 3D struc-
turescanbeinferredasawholewith aminimumamountof effort
to insureef ciency.

Comparingto the structue prefeential appmoades, the ad-
vantage of our appmoad liesin thatno specializechardware (suc
asa laserrange nder) andslow 3D samplingprocessesire re-
quired. Comparingto the appeaanceprefeenceapproaces,we
infer and recod just adequate or sufcient, 3D informationto
allow efcient geometryand appeaancecomputationfrom novel
views. Ef cient 3D inferencerequiregobustandeffective sgmen-
tation andfeaturetrackingtechniques.As mentionedour track-
ing techniquesachieved nearreal-timeperformancevhenimple-
mentedin software. Both sggmentationand tracking algorithms
areamenabldo hardwareacceleration Thesealgorithmsthusal-
low usto recover an adequateamountof 3D structuresn a com-
putationally effective way using a small numberof imagesand
without restrictionon the imaging con guration. The algorithm
for image-basedenderingcompriseshreestages:

1.) SgmentatiorThedif culty of imagesegmentatioris duemainly
to the “busy-ness”of image contentsand corruption by image
noise. Hence,a sgmentationalgorithmthat cankey in on major
imagestructuregedges)without beingdistractedoy minor, non-
essentiabrightneserturbationand noisewill be very valuable.
Our approachis to usediffusion to eliminatenonessentiategion

Fig. 3. Experimeniplatformof akneemockup,a cameraandcon-
trol, ascopeandalight source.

detailswhile preservingregion boundarieg§10]. The choiceof a
diffusion-basedramenork is madebecauset is highly (or even
trivially) parallelizableandamenableéo hardwareacceleration.

2.) ShapenferenceandinterpolationAfter imagesaresegmented,
the 3D shape®f the sgmentedegionsarerecoveredandinterpo-
lated. TheinterpolationalgorithmcompriseshreestagesThe rst
two stagesarefor featureextractionandtrackingand3D depthin-
ference. Theseweredescribedabore in Sec.2.1. Thirdly, based
ontherecovered3D featurepositionswe interpolatethe depthsof
all otherpointsin theregion basedn alow-ordershapesquation.

3.) Mosaichbuilding Oncetheimagesaresegmentedvith 3D struc-
turesrecoveredfor eachsegmentedregion, building a mosaicbe-

comesa relatively straightforvard processThisis becauséi) for

inferring 3D structureswe alreadyselectandtrack distinct fea-

turesin eachregion. Suchfeaturessene asprominentlandmarks
for registeringregionsfrom differentvideoframes and(ii) the3D

inferenceprocessrecorers both the perceptuatdepthsof tracked

featuresandthe movementof the camera.Hence,the geometric
transformbetweendifferent cameraframesare readily available
thatallows 3D structuregecoveredin videoto be relatedto one
anotherin acommonreferencdrame.

We validatedour IBR procedureby testingit on syntheticdata
with known ground-truthvaluesrst. A realimage(obtainedfrom
anendoscopiwideo sequence¥enesasthetexture mappedonto
ageometrianodel. A secondmageof the syntheticmodelis gen-
eratedromthe rst one,consistentvith aspeci eddepthmapand
cameramovement. The geometricmodelusedherehadan "egg-
carton-like” structure(wherethe depthequalsthe productof two
sinusoids- one horizontaland the other vertical - seeFig. 2.a).
Usingthetwo imagesasinput, thealgorithmwasableto deducea
depthmapthatcouldbe comparedo theground-truthusedto gen-
eratethe secondimage. Theresultsareshavn in Fig 2.h Since
thedepthmapsrequirethreedimensiongo display we shav only a
slice of eachmap. More speci cally, we choosea horizontalslice
(with vertical pixel coordinate x ed at 230). The gure shavs a
closecorrespondencbetweenthe ground-truthvalue andthe re-



Fig. 4. Top: imagesusedin computingdepthmapfrom theinside
of a kneemockup. Bottom: several novel views inferred by the
algorithmandrenderedvith perspectie projection.(Notethatthe
algorithmsinputimageddiffer by only asmallangle.)

covereddepth.

The IBR algorithmwasthentestedusingbothrealendoscop
imagesand imagesfrom inside of a kneemockupas shavn in
Fig. 3. Thevideowasgeneratedby a Karl-StorzcameraTelecam
20212130U)hookedup by S-videoto anATI All-In-W ondercap-
turecardin aPC.Fig. 4 shavs oneexampleof the|BR algorithm.
Realvideo (from insidethe kneemock-upprovided by Karl Storz
Imaging, Fig. 3) wasusedin Fig. 4, wherethetop row shaws the
two imagesprocessedby the algorithm. Basedon thesetwo im-
ages,we wereableto constructa 3D modelof thevisible part of
the kneecavity. On the bottomrow, several novel views aredis-
played(usingperspectie projection). After trackingkey features
and inferring their depths,views of the operationcavity canbe
renderedrom anew angle.

In Fig. 5, we testedthe algorithmon video obtainedfrom real
endoscopiprocedures We constructecddepthmapsthat allowed
renderingf tissuefrom new angles.Tissuewith protrusionsex-
hibitedthe occlusionsharacteristiof non-planageometryasro-
tatednovel views werecalculatecanddisplayed A sampleshotof
thistissuefrom ameshhernioplastyis shavn in Fig. 5. As thevir-
tual rotationis performed occlusionof the left-mosttissueby the
grey structureis apparentTheseresultsillustratehowv anaccurate
depthestimationallows renderingfrom novel vantagepoints.

3. CONCLUSION

This papersummarize®ur currentresearchon viewing enhance-
mentfor video-endoscopandpresenbur preliminaryresults.Our
futurework is to furtherenhancehe IBR technique$o melgeand
register object descriptionconstructedusing IBR with that from
the VisualHumanDatasefor unrestrictedassistediiewing.

Fig. 5. Views of tissuefrom ameshhernioplastyandarotationally
re-renderediew
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