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ABSTRACT

We presentalgorithmsfor image-basedrenderingand modeling
in video-endoscopy. Our algorithmsare aimedat alleviating two
commonviewingproblemsin video-endoscopy:thatthescopeview
is often distortedand orientedwrongly (a dis-orientationprob-
lem), and that the scopeview is acquired from a viewpoint that
deviatesfromthesurgeon's (a dis-associationproblem).Our solu-
tionsstriveto alleviatetheseproblemsto arrive at a more “open-
surgery-like” and“surgeon-centered” display. We presentexper-
imental resutlsbasedon real endoscopicvideo to illustrate our
image enhancementprocedures.

1. INTR ODUCTION
Our researchis aimedat enhancingthevisualfeedbackto thesur-
geonin endoscopy to shortentheoperationtime, improve patient
safety, andachievecostsavingsin healthcare.Video-endoscopy, a
modeof minimally-invasivesurgery, hasprovento besigni�cantly
lessinvasive to thepatient.However, it createsamuchmorecom-
plex operationenvironment that requiresthe surgeonto operate
througha video interface. Visual feedbackcontrol andimagein-
terpretationcanbechallengingandnon-intuitive. We identify two
signi�cant visualizationproblemsin endoscopy: that the scope
view isoftendistortedandorientedwrongly(adis-orientationprob-
lem), and that the scopeview is acquiredfrom a viewpoint that
deviatesfrom the surgeon's (a dis-associationproblem). In this
paper, we presentour solutionsin alleviating theseproblemsand
somepreliminaryresults.

2. METHODS AND RESULTS
Here,wepresentourcurrentworkonimagerecti�cation andimage-
basedrendering(IBR) in endoscopy. Imagerecti�cation is needed
to alleviatethedis-orientationproblemby maintainingthe“head-
up” displayatall times,regardlessof thephysicalmaneuver (pan-
ning and rotation) of the endoscopy. IBR is usedfor stitching
togetherthe operationvideo to constructa 3D descriptionof the
visible portion of the operationcavity with high visual realism
throughimage-basedtexturemapping.This3D descriptionallows
the visible portion of the operationcavity to be renderedfrom a
viewpoint that is closerto the surgeon's perspective to alleviate
thedis-associationproblem.

2.1. ImageRecti�cation

TheimageRecti�cation algorithmcomprisesthreestages:
1.) In the�rst stage,a few imagefeaturesareselectedandtracked
in endoscopicvideo.Thefeaturesareareasof theimagethathave
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a high numberof edgesor cornerswith a high intensitycontrast.
The correspondencesof imagefeaturesare establishedusingan
af�ne model.
2.) Thesecondstagetakesthe2D coordinatesof thecorrespond-
ing featuresin successive framesandestimatesthecameramotion
parameters,using the 8-point algorithm[1, 2]. Here the coordi-
natesof thecentersof the tracked2D featuresaretakenasinputs
to the8-pointalgorithm.This stagerecoverstheperceptualdepth
of thetrackedfeaturesandthecameratransformation.
3.) Finally, in thethird stage,we infer thedirectionof anabstract
“head-up”vector in the camera's currentreferenceframe,based
on the recoveredcameratransformationparameters.The head-
up vectoris theonethat is locateddirectly in front of thecamera
andis pointingin the“up” directionin thesurgeon's fameof refer-
ence.Knowing thevector's3D coordinatesin thecamera'scurrent
frameallows us to projectit onto the imageplane.Thedeviation
of thisprojectionfrom theimage'sy-axistellsusby how muchthe
imageshouldbe rotatedto make the arrow appearagainas“up”
on thescreen.Executionof this rotationthenrecti�es thecamera
frame,aswell astheentireimage,to con�rm thesurgeon's frame
of reference.

While therecti�cation algorithmis rootedin traditionalcom-
putervision,our contribution is in signi�cantly improving theef�-
ciencyandrobustnessof thetraditional techniquesto suit thisnew
applicationdomain. In particular, we reformulatedthe2D track-
ing problemusingFourieranalysisandwereableto achieve over
100-foldspeedincreaseover theconventionalspatialhierarchical
correlation-basedtechniques[1, 2]. This speedup is very signi�-
cant,asthebottleneckin imagerecti�cation is in 2D tracking.As
the 3D structureinferencesteptakes negligible time comparing
to the2D trackingstep,andtheactualrecti�cation of imagescan
be ef�ciently performedusingthe graphicsprocessorin modern-
dayPCs.Furthermore,this improvementis achievedwithout any
specialhardware(e.g.,DSP)acceleration.With hardwareacceler-
ation,evengreaterspeedupis possiblefor potentiallyreal time or
nearreal time tracking. Onelast thing to noteis that the tracking
methodis generalfor all surfacetypesanddoesnot requireany
specialobjectmodelto guidethesearch.

For 3D analysis,our formulationcorrectsan oversightin the
conventional8-pointalgorithmthatmakesit susceptibleto numer-
ical errorwhenthetrackedpointsassumeanapproximatelyplanar
con�guration. In video-endoscopy operations,the cameraoften
timesmovesvery closeto an organor the abdominalwall (for a
closerinspectionby thesurgeon).Hence,thecon�gurationof the
tracked featureseasily reduceto a (nearly)planarone. Without
our correction,therecoveredcameraparameterswill besuscepti-
ble to largenumericerrorssoasto renderrecti�cation unreliable.



Fig. 1. Original andrecti�ed sequences(topandbottomrows,respectively) from realendoscopy surgery

Furthermore,weemploy redundancy androbusterrornormto sig-
ni�cantly improve the accuracy and minimize the possibility of
lossof track.

In Fig. 1, video obtainedfrom real endoscopy surgery inside
an abdominalcavity wasusedfor recti�cation. Herethe camera
executedgeneralmovementin which all degreesof motion free-
domwereexercised.Additionally, a free-moving instrumentwas
presentin the �eld of view which furthercomplicatedthe recti�-
cationprocess.Fig. 1 shows sampleframesfrom anoriginalanda
recti�ed sequence.Theoriginal andrecti�ed imagesareshown in
pairsof two rows: Thetop rows show theoriginal sequencewith-
out recti�cation andthebottomrowsshow therecti�ed results.As
canbeseenthattheviews in thebottomrowsstayverystableeven
with largerotationof view andinstrumentmovement.

2.2. Image-BasedRendering

To alleviatethedis-associationproblemit wouldbebene�cial that
photo-realisticviews of the operationcavity be renderedfrom a

viewpoint that is closerto the surgeon's perspective. Generally
speaking,faithful renderingof 3D modelsmustdepictbothanob-
ject's geometryandappearancewith high �delity andaccuracy.
As far as imagerendition is concerned,the geometricattributes
answerthe“where” question,asin whereanobjectshouldappear
in animage,andtheappearanceattributesanswerthe“how” ques-
tion, asin how anobjectshouldlook like. A modelingalgorithm
must judiciously decidehow geometryand appearancedataare
gathered,recoded,and used,as thereis a trade-off, in termsof
storageandcomputation,betweenrecordinganobject's geometry
andappearance.

On one extreme (which we call “structure preferential”), a
laserrange�nder maybeusedto recorda single(or a few) dense
3D mapsandvideo imagesof theenvironment. On theotherex-
treme(whichwecall “appearancepreferential”), alargecollection
of imagescanbeacquiredandstitchedtogetherinto a2D environ-
mentalmap. [3, 4, 5, 6, 7, 8, 9]. Sucha mapcapturestheappear-
anceof theenvironmentwithout any explicit 3D structuralinfor-
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Fig. 2. (a) Syntheticdata(with known ground-truth)usedto vali-
datealgorithm,and(b)comparisonof recovereddepthandground-
truth for asliceof the2D surface

mation. Novel imagesarethenre-sampledandinterpolatedfrom
theenvironmentalmap. Thetradeoff is that, in thestructurepref-
erentialapproaches,3D depthis explicitly recorded,whichallows
imagesof the environment renderedrelatively effortlessly from
novel cameraposes(throughre-projectionandre-sampling).The
disadvantageof the structurepreferentialapproachesis in need-
ing specialhardwareor softwareto recover 3D informationfrom
videoandtime consuming3D samplingprocesses.

Hereweshow thatamiddle-of-the-road(or best-of-both-worlds)
approachcanbeadvantageouscomparedto theextremes.An ob-
servationwemakeis that3D worldsof interestareseldomrandom,
anda high degreeof regularity andredundancy do exist in struc-
tures. Structuralregularity shows up in imagesashomogeneous
regions(in termsof shading,color, andtexture)with smooth,well-
de�ned boundariesseparatingthem. Insteadof recovering and
recordingstructuralinformationpixel-by-pixel using,say, a laser
range�nder or otherspecializedhardware,we can exploit scene
regularity andredundancyto recover3D structural informationin
a computationallysuf�cient andef�cient manner. Structuralregu-
larity allows segmentingimagesinto regions,of which 3D struc-
turescanbeinferredasa wholewith a minimumamountof effort
to insureef�ciency.

Comparingto the structure preferential approaches, the ad-
vantageof our approach lies in thatnospecializedhardware (such
as a laser range �nder) and slow 3D samplingprocessesare re-
quired. Comparingto theappearancepreferenceapproaches,we
infer and record just adequate, or suf�cient, 3D information to
allow ef�cient geometryandappearancecomputationfromnovel
views.Ef�cient 3D inferencerequiresrobustandeffectivesegmen-
tation andfeaturetrackingtechniques.As mentioned,our track-
ing techniquesachieved nearreal-timeperformancewhenimple-
mentedin software. Both segmentationand trackingalgorithms
areamenableto hardwareacceleration.Thesealgorithmsthusal-
low us to recover anadequateamountof 3D structuresin a com-
putationallyeffective way using a small numberof imagesand
without restrictionon the imagingcon�guration. The algorithm
for image-basedrenderingcomprisesthreestages:
1.) SegmentationThedif�culty of imagesegmentationisduemainly
to the “busy-ness”of image contentsand corruption by image
noise. Hence,a segmentationalgorithmthatcankey in on major
imagestructures(edges)without beingdistractedby minor, non-
essentialbrightnessperturbationandnoisewill be very valuable.
Our approachis to usediffusion to eliminatenonessentialregion

Fig. 3. Experimentplatformof akneemockup,acameraandcon-
trol, ascope,anda light source.

detailswhile preservingregion boundaries[10]. The choiceof a
diffusion-basedframework is madebecauseit is highly (or even
trivially) parallelizableandamenableto hardwareacceleration.

2.) ShapeinferenceandinterpolationAfter imagesaresegmented,
the3D shapesof thesegmentedregionsarerecoveredandinterpo-
lated.Theinterpolationalgorithmcomprisesthreestages.The�rst
two stagesarefor featureextractionandtrackingand3D depthin-
ference.Theseweredescribedabove in Sec.2.1. Thirdly, based
ontherecovered3D featurepositions,weinterpolatethedepthsof
all otherpointsin theregion basedon a low-ordershapeequation.

3.) MosaicbuildingOncetheimagesaresegmentedwith 3D struc-
turesrecoveredfor eachsegmentedregion, building a mosaicbe-
comesa relatively straightforwardprocess.This is because(i) for
inferring 3D structures,we alreadyselectand track distinct fea-
turesin eachregion. Suchfeaturesserve asprominentlandmarks
for registeringregionsfrom differentvideoframes,and(ii) the3D
inferenceprocessrecoversboth the perceptualdepthsof tracked
featuresandthe movementof the camera.Hence,the geometric
transformbetweendifferent cameraframesare readily available
that allows 3D structuresrecoveredin video to be relatedto one
anotherin a commonreferenceframe.

Wevalidatedour IBR procedureby testingit onsyntheticdata
with known ground-truthvalues�rst. A realimage(obtainedfrom
anendoscopicvideosequence)servesasthetexturemappedonto
ageometricmodel.A secondimageof thesyntheticmodelis gen-
eratedfrom the�rst one,consistentwith aspeci�eddepthmapand
cameramovement.Thegeometricmodelusedherehadan”egg-
carton-like” structure(wherethedepthequalstheproductof two
sinusoids- one horizontaland the other vertical - seeFig. 2.a).
Usingthetwo imagesasinput, thealgorithmwasableto deducea
depthmapthatcouldbecomparedto theground-truthusedto gen-
eratethe secondimage. The resultsareshown in Fig 2.b. Since
thedepthmapsrequirethreedimensionsto display, weshow only a
sliceof eachmap.More speci�cally, we choosea horizontalslice
(with vertical pixel coordinate�x ed at 230). The �gure shows a
closecorrespondencebetweenthe ground-truthvalueandthe re-



Fig. 4. Top: imagesusedin computingdepthmapfrom theinside
of a kneemockup. Bottom: several novel views inferredby the
algorithmandrenderedwith perspective projection.(Notethatthe
algorithm's input imagesdiffer by only a smallangle.)

covereddepth.

TheIBR algorithmwasthentestedusingbothrealendoscopy
imagesand imagesfrom inside of a kneemockupas shown in
Fig. 3. Thevideowasgeneratedby a Karl-Storzcamera(Telecam
20212130U),hookedupby S-videoto anATI All-In-Wondercap-
turecardin aPC.Fig. 4 shows oneexampleof theIBR algorithm.
Realvideo(from insidethekneemock-upprovidedby Karl Storz
Imaging,Fig. 3) wasusedin Fig. 4, wherethetop row shows the
two imagesprocessedby the algorithm. Basedon thesetwo im-
ages,we wereableto constructa 3D modelof thevisible partof
the kneecavity. On the bottomrow, several novel views aredis-
played(usingperspective projection).After trackingkey features
and inferring their depths,views of the operationcavity can be
renderedfrom a new angle.

In Fig. 5, we testedthealgorithmon videoobtainedfrom real
endoscopicprocedures.We constructeddepthmapsthat allowed
renderingsof tissuefrom new angles.Tissuewith protrusionsex-
hibitedtheocclusionscharacteristicof non-planargeometry, asro-
tatednovel viewswerecalculatedanddisplayed.A sampleshotof
this tissuefrom ameshhernioplastyis shown in Fig. 5. As thevir-
tual rotationis performed,occlusionof theleft-mosttissueby the
grey structureis apparent.Theseresultsillustratehow anaccurate
depthestimationallows renderingfrom novel vantagepoints.

3. CONCLUSION

This papersummarizesour currentresearchon viewing enhance-
mentfor video-endoscopy andpresentourpreliminaryresults.Our
futurework is to furtherenhancetheIBR techniquesto mergeand
registerobjectdescriptionconstructedusing IBR with that from
theVisualHumanDatasetfor unrestricted,assistedviewing.

Fig. 5. Viewsof tissuefrom ameshhernioplastyandarotationally
re-renderedview
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