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Abstract

This reportis on the Lehigh/ColumbiaMURI con-
tract. While the original focus was on sen-
sors for manubcturing, the natural evolution of

our basic researchhas led us to more general
problemsin more generic settings. As a multi-

faculty multi-disciplinary projectmuch of the work

is naturally donein smaller subgroup. The ma-
jor resultsover the pastyear were on 3D model-
ing/sensomplanning,omni-directionalimaging, and
reflectance/image/noiseodeling. Thereweremore
focusedresultsin deformablemodels featuredetec-
tion, appearancenatching,andvideo sggmentation.
Notethatsomeprojects(e.g.,the outdoor3D model
building) bring togethermary of the above topics.
This reportprovides shortsummarieof our signif-

icant contrilutions with citationsto relatedpapers.
Lengthof presentatiorhereindoesnot reflectlevel

of effort nor our view of its significance- mary of

the mostimportantareashave paperselsevherein

theseproceedings.

1 Automated Site Modeling

3-D modelsof outdoorervironments known assite
models,areusedin mary differentapplicationghat
includecity planning,urbandesign,fire andpolice
planning,suneillanceand virtual reality modeling.
Creatingsite modelsfor urbansceneswhich con-
tain large structureq(i.e., buildings) thatencompass
a wide rangeof geometricshapesand containhigh
occlusionareads quitechallenging.

Thesemodels are typically createdby handin a
painstakinganderror proneprocess.We are build-
ing a systemto automatethis procedurethat ex-
tendsour previous work in 3-D model acquisition
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Figurel: Mobile robotfor automatedite modeling.

usingrangedata[Reed-1998ReedandAllen-1998,
Reedet al.-1997, Allen and Yang-1998. This is
an incrementalvolumetric methodthat can acquire
andmodelmultiple objectsin a sceneandcorrectly
meige modelsfrom different views of the scene.
Modelsarebuilt from successie sensingoperations
that are meiged with the currentmodelbeingbuilt,
called the compositemodel. The meging is per
formedusingaregularizedsetintersectioroperation.
Thesepartial,compositenodelscanserne asinputto
our sensoplanningsystenthatcanreducethenum-
ber of views neededo fully acquirea scene.Plan-
ningeachsensingperatiorreduceshedatasetsizes
andacquisitiontime for acomplex model. Most ex-
isting systemsdo not useplanning,but rely on hu-
maninteractionor the needfor large overlapsin im-
agesto assureadequateoverageof the scene.Our
plannercanincorporatedifferentconstraintsnclud-
ing visibility, field-of-view andsensomplacemento
find the next viewing position that will reducethe
models uncertainty The systemhasbeentestedon



Figure2: Recwered3-D modelsof a blocksworld

city. All 3 objectswererecoeredat once. Sensor
planningalgorithmswere usedto reducethe num-

ber of rangescansandfind unoccludedriewing po-

sitions.

indoor modelsandwe are now extendingit to out-
doorscenewvith multiple objects.

At eachstepof the processa partial solid modelof
the sceneis created. The facesof this model con-
sistof correctlyimagedfacesandfacesthatareoc-
clusionartifacts. We canlabel thesefacesas“im-
aged”or “unimaged”andpropagate/updathesda-
belsasnewv imagesareintegratedinto thecomposite
model. The faceslabeled“unimaged”arethenthe
focusof thesensoplanningsystemwhichwill try to
positionthe sensotto allow these“unimaged”faces
to be scanned.The setintersectionoperationmust
be ableto correctly propagatehe surface-typetags
from surfacesn themodelsthroughto thecomposite
model.Retaininghesdagsaftermeiging operations
allows viewpoint planningfor unimagedsurfacesto
proceed.

Figure2 is arecorered3-D solid modelof a simu-
latedcity scenemadeup of 3 toy buildingsplacedon
our laserscanneturntable. Four initial views were
takenat intenals,andthis meigedpartialmodel
wasusedby theview plannerto choosdhenext view
to reducethe models uncertainty This procesof a
partial modeldriving the plannerfor the next view
wasuseduntil 8 moreimagesweretaken, reducing
the models uncertaintyto a small threshold. The
modelis accurateandthe methodcanrecover struc-
turethatis occluded.

For automatingthis task outdoors,we are equip-
ping a mobile vehicle with sensorsand algorithms
to accomplishthis task. A picture of the vehicleis
shavnin figurel. Theequipmentonsistof anRWI

ATRV mobile robot base,a spotrangescanner80
meterrangespotscannewith 2-DOF scanningmir-

rors for acquiringa whole rangeimage, not shavn

in image),centimeteraccurag on-boardGPS,color
camerador obtainingphotometryof the sceneand
mobilewirelesscommunication$or transmissiorof
dataandhigh level controlfunctions.

Theplanningalgorithmscanbe usedto navigatethe
mobilerobotscannesystemto a positionfor a new
scanthat will reducethe uncertaintyin the scene.
Given a partial model of the scene we cantag the
surfacesacquiredby the scannerin sucha way as
to know whatregionsareimagedandwhich areoc-
clusionsurfaces. We canthenusetheseocclusion
surfacesto find unobstructedviewpoints. Oncewe
computetheseviewpoints, we can then command
themobile systento navigateinsidea visibility vol-
umeandtake a new scan,thuscompletinga partial
modeland“filling in the blanks”to build the com-
pletemodel.Detailscanbefoundin thisproceedings
[Allen etal.-1999.

2 Interactive SensorPlanning

Theautomateditemodelingsystenmwill bemeiging
therangedatawith 2-D imageryto enhanceéhemod-
els. This alsorequiresa view planningcomponent.
In clutteredandcomplex ervironmentssuchasurban
scenesit canbevery difficult to determinewherea
camerashouldbeplacedo view multiple objectsand
regionsof interest.We have built aninteractve sen-
sor planning system[Stamosand Allen-1999 that
can be usedto selectviewpoints subjectto camera
visibility, field of view and task constraints. This
work builds uponourearlierwork in sensoplanning
[Abrams-199¥. Application areasfor this method
includesuneillanceplanning,safetymonitoring,ar
chitecturalsite designplanning,and automatedsite
modeling. Given a descriptionof the sensoss char
acteristicsthe objectsin the 3-D sceneandthetar
getsto be viewed, our algorithmscomputethe set
of admissibleview pointsthatsatisfythe constraints.
The systemfirst builds topologically correct solid
modelsof the scenefrom a variety of datasources.
Viewing taigetsarethenselectedandyvisibility vol-
umesandfield of view conesare computedandin-
tersectedo createviewing volumeswherecameras
canbe placed. The usercaninteractvely manipu-
late the sceneand selectmultiple target featuresto
beviewedby acameraTheusercanalsoselectcan-
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Figure 3: Planningcamerapositionsin an urban
scene Thetargetcanbeary facein thescengmulti-
pletaigetscanalsobeused).The Visibility Volumes
(transparenpolyhedralvolumes),the Field of View
Conesfor the direction  (transparentones)and
the Candidate/olumes(intersectiorof the visibility
volumeswith thefield of view conesY¥or theviewing

direction (left partialcones)ndfor thedirections
(right partialcone)aredisplayed.

didateviewpoints within this volumeto synthesize
views andverify the correctnessf the planningsys-
tem. The interactve systemallows us to generate,
loadandmanipulateifferenttypesof scenesndin-
teractiely selectthetamgetfeatureghatmustbevis-
ible by a camera.Theresultsof the sensoplanning
experimentsaredisplayedas 3-D volumesof view-
pointsthat encodethe constraints. Virtual cameras
placedin thosevolumesprovide a meansof synthe-
sizingviews in real-timeandevaluatingviewpoints.
Thesystencanalsobeusedo provide animatedfly
throughs”of the scene.

Hereis a brief exampleof how the systemworksfor
planningcamerapositionsfor suneillance of mul-
tiple tamgetsin an urbanscene.As input, the plan-
nerneedsmodelsof buildingsthatarewatertightB-
Reps(i.e. no danglingfaces).In mostcasesgxist-
ing urban/citymodelsaregraphicsmodelsthathave
no needto betopologicallyconsistenandgeometri-
cally correct,since2-D viewing is the mainapplica-
tion. Thosemodelsare not guaranteedo be com-
plete sincethey lack topologicalinformation. We
have built atool that cantake anincompletemodel
andrecover the adjaceng information betweenthe
facesto build a correctsolid model. Oncethese
solid modelsare built, tamgetscanthenbe selected
in the sceneanda setof viewing volumescomputed
thatdeterminevisibility andfield-of-view for view-
ing multiple targetsin an urbanscene.Intersecting
thesevolumesfor eachviewing constraintresultsin
the locusof viewpointswhich are guaranteedo be
occlusion-freeandableto seetargetswithin thefield

of view. Figure3 shavs a city modelthatwasgen-
eratedfrom anincompletegraphicsmodelof Ross-
lyn VA. andwastranslatedy the systemto a valid
solid modelwhich the plannercanuse. Overlaidon
thecity modelaretheviewing volumesgeneratedor
differentviewpointson a selectedamget facein the
scene. The objectmodelsandtargetscanbe inter
actively manipulatedvhile camergositionsandpa-
rametersareselectedo generatesynthesizednages
of the tamgetsthat encodethe viewing constraints.
We are currently extending this systemto include
resolutionconstraints Detailscanbe foundin these
proceeding$Allen etal.-1999.

3 A Theory of Catadioptric Image
Formation

Many applicationsof computationavision requirea
large field of view. Examplesinclude suneillance,
teleconferencingand model acquisitionfor virtual

reality A numberof otherapplicationssuchasego-
motion estimationand tracking, do not strictly re-
quire a large field of view, but their robustnesgen-
erally increasessthefield of view getswider. Al-

thoughcorventionalimagingsystemgypically have
very limited fields of view, usingthemin conjunc-
tion with a mirror canyield a wide field of view.

This approactof usingmirrorsin combinatiorwith

conventionalimaging systemds usuallyreferredto

as catadioptric image formation. A large num-
ber of designsfor wide field of view catadioptric
imaging systemshave beenproposedn the litera-
ture. See,for example, [Rees-197)) [Charleset
al.-1987, [Nayar1984, [Yagi and Kawato-1990,

[Hong-199], [Goshtasbyand Gruwer1993, [Ya-
mazavaetal.-1993, [Bogner1994, [Nalwa-1994,

and[Nayar1997.

As notedin [Rees-197]) [Yamazwa et al.-1993,

[Nalwa-1996, and[Nayar1997, it is highly desir

able that an imaging system,catadioptricor other

wise, have a single effective viewpoint (centerof

projection). The reasona single effective viewpoint
is sodesirablds thatit is botha necessarandsuffi-

cient condition for the generationof geometrically
correct perspectie imagesfrom the capturedim-

age(s). Subsequentjytheseunwarpedimagescan
be processedisingthe vastarrayof techniqueghat
assumeperspectie projection. Moreover, if theim-

agesarepresentedo ahuman asin [PeriandNayar

1997, they needto beperspectie imagesn orderto

appeaundistorted.

Variousdifferentmirror shapesave beenproposed
for catadioptricsensors,ncluding cones,spheres,
hyperboloidsandparaboloidsSomeof thesemirror



shapedeadto a singleeffective viewpoint, whereas
othersdo not. In [Baker andNayar1998H, we de-
rivedthe completeclassof catadioptricsensorsvith
a single effective viewpoint that can be constructed
usingasinglecorventionalcameraWe shavedthat
thereis a 2-parametefamily of mirror shapeghat
canbeused thatbeingthe classof sweptconicsec-
tions. Within this setof solutions seseralproveto be
degenerateand henceare impractical,whereasth-
ersdo leadto practicalsensors We evaluatedall of
the catadioptricsensorsmentionedabove in light of
this resultand shaved which designshave a single
viewpointandwhich do not.

An importantpropertyof arny sensorthatimagesa
largefield of view is its resolution.Theresolutionof

a catadioptricsensoris not, in generalthe sameas
that of the sensor(susedto constructit. In [Baker

andNayar1998H, we alsoderived the relationship
betweenthe resolutionof a corventional imaging
systemandthatof a derived catadioptricsensar

Another optical propertythat is affectedin a cata-
dioptric sensoris focusing. It is well known that
a curved mirror increasesmage blur [Hecht and
Zajac-1974. In [Baker andNayar1998H, we ana-
lyzedthis effectfor catadioptricsensorsWe shaved
how a focus look-up table can be computedfor a
catadioptricsensar Theresultsshav thatthe focus
settingof acatadioptricsensousinga curved mirror
may be substantiallydifferentfrom thatneededn a
conventionalsensar Moreover, evenfor a sceneof
constantdepth,widely differentfocus settingsmay
be neededor differentpartsin thescene.

4 RemoteReality

The full viewing natureof omni-directionalimage
leadquite naturallyto developwhatwe call remote-
reality Virtual reality putsthe userin animmersie
“virtual” world. In remotereality thereis nothing
virtual aboutit; remotereality is animmersve video
from a remotelocation. We have developedsoft-
warethatallows a user who wearsa (COTS) head-
mounted-displaywith head-trackr, to look around
within the omni-directionalideo stream.For more
detailssee[Boult-1998c Boult-1998b Boult-1998a,
Boult etal.-1999 or our website.

To beimmersve the motion andvideo mustbe nat-
ural, which means30fpsvideo, fastreaction(15fps
or better)to headmavementsanda smoothlymov-
ing viewpoint. Thelastpartof thisis inherentin the
ParaCamerdesignthereis only oneviewpoint. The
othertwo areachieved, at 320x240resolution,on a
233Mhzprocessowith inexpensie COTS parts.

Figure4: Omni-directionaktameraon RemoteCon-
trol CarandRemoteReality Driver.

Whenusedwith tapedvideo, remotereality hasdi-
rectapplicationin training, missionrehearsalroute
planningandcompl plantmanagementWith live
videotransmissiofit canbeusedn vehicleoperation
andin urbanmaneuers(e.g.,we have demonstrated
mountinga paracameran aremotelycontrolledve-
hicle anddriving it usingtheremote-realitysystem).
In anurbanaction,the vehiclecould be drivenfrom
aremotelocationwhile a small unit follows behind
thevehicle. Using a wearableremotereality system
the soldier could independentlyand simultaneously
look aroundthe vehicles locationwhile remaining
radio-silent.It alsoappliesto remoteundervateror
airbornevehicleswherea pilot could useremotere-
ality to fly the vehiclewhile otherslook aroundfor
pointsof interest. The 3D natureof thesevehicles
malesit evenmoreimportantthatthethepilots have
instantresponseasthey turntheirhead.At thesame
timetheirnaturdimits transmissiofandwidthwith
remotereality a single video streamwould support
boththe pilot andmultiple spotterghatcouldin any
direction,includingdown ravinesor sidestreetsfor
potentialthreats/tagets

While the para-cameras nov commerciallyavail-
able,wearestill workingonnew cameralesignses-
peciallyfor theremote-realityapplicationslescribed
above. At Columbia,they areaddressindoth size
reductionandervironmentalissues see[Nayarand
Boult-199§. At Lehigh,mostof thenew designsare
addressingphysicaland ervironmental constraints,
andneedto mix both opticalandmechanicalssues
to maintainquality Thesecamerasdevelopedin-
clude two different versionsof underwater omni-
directionalcamerastwo cameragiesignedor less
obviousvehiclesmounting,andtwo environmentally
stablesystemgqusedin the fall VSAM demo). Fig-
ure 5 shaws two of thesesystems. We have also
developeda dual-modesystemsthat usesa single
cameravhich canbeusedin eitheromni-directional



modeor in atraditionalpan-tilt-zoommode.

Figure5: Somecustomomni-directionatameragor
vehicleandundervateruse.

5 Small Vision Systems

While the COTS laptop market hasmadeadwance-
mentswith PCMCIA video cardsandsomeinternal
captureboardsthe responséo marlet pressurenas
resultedin systemshat cannotcapture/procestull
resolutionvideo. They provide zoomed-porvideo,
wherefull resolutionvideois overlaidonthescreen,
singleframecapturgatfull resolution)and320x240
processin@crosghebus.

With theresolutiondemand®f the omni-directional
imagesystemsjt was naturalfor usto cornvert our
past efforts on LVS, the laptop-vision-systa, to

smaller more robust and/or compactsystemsca-
pableof full resolutionprocessing. This hasbeen
mostly a systemsengineeringissue working with

commercial-dfthe-shelfparts,integratingthemand
porting our software. We have beenexploring dif-

ferentpointsin the price/paver/speedspectrumfor

potentialapplicationgangingfrom securityto wear

ableremotereality Thecurrentsystemsnclude:

a commerciallyPonverPC403-basedystemin
a 10cm x 10cm x 25cm packageproviding
640x480 gray-scaleimaging, 16MB memory
and10MB networking.

a low-power (10watts) PentiumbasedPC104+
systembasedfor wearableoperationwith di-
mensionsl4cmx 14cmx 7cm. (Total system
drav  20watts).

a low cost commercial strong-ARM system,
22cmx 15cmx 4cmwith 10 watt total disk-
lessoperation.

two compact-PCPentiumbasedystemspnein
aNEMA-4 ruggedizedousing.

This is an ever changingarenawith a myriad of
tradeofs to addressPeoplenterestectanfind more
detail,including systemphotos,on our website.

6 Panoramic Pyramids

Becausevide-fieldof view imagegpacka largefield
of view into a single image, the resolutionof that
imageis importantfor tracking and securityappli-
cations. Thusmary researcherarelooking at mov-
ing to higherresolutioncameras.As imagingtech-
nology adwvanceshigherresolutioncamerasare be-
comingcommonplace, (e.g.,HDTV Cameragro-
duce approximately2Kx1K 30bit pixels at 30fps).
At lower framerates,2Kx2K and4K x4K cameras
arenov commonlyavailable. At theseframesizes,
thedataratesbecomephenomenalAn HDTV cam-
eraproducesver 1.8Gbits(225MBytes)persecond.
At theseratesjust transferringthe datainto the ma-
chineis aseriousssue.

Multi-resolution techniques(a.k.a. Pyramidalgo-
rithms) have beenusedin a wide rangeof vision
applicationsto reducecomputationablemandsand
addressinherentscaleissues.Unfortunately build-
ing aproperpyramidis, in andof itself, a potentially
costlyoperatiorrequiringa pre-filteringcorvolution
beforedown sampling. Presuminga 7x7 separable
convolution beforedown sampling we need14 mul-
tipliesand13additionsfor eachof 3x640x48(ixels
at 30fpsfor approximately750 MOPSto male the
first layer of the pyramid, with 1/4 of thatfor each
additionallayer, thetotal is aboutl000MIPS justto
form the pyramid. While this canbe donewith to-
day’s processors}'s quitetaxingandhasleadother
DARPA U projectsto build specialpurposehard-
ware. The computationademandbecomesnorea
more significantissuewhenwe considerHDTV or
largerimagesfor which thelarge dataratesdemand
“intelligent” processing.Building a good pyramid
would require12,000MIPS for HDTV and 70,000
MIPS for 4k x 4k 30fpsimagery None of todays
specializethardvare,eventhemostadwancedDSPs,
cancurrentlybuild suchpyramidsin real-time.

While coarse-to-fin@rocessings importantandde-
sirable, just the building of the pyramid to enable
coarse-to-fingorocessingvould requiremore com-
puting power than available in todaysworkstations
letalonethatavailablein lower powerunitswe might
runfrombatterieslt mightseenthathigh-resolution
high-speedmagingis still well beyondus. However,

with somecatadioptrichelp, it is almostwithin reach
todaywith panoramigyramids.

Recall that in our omni-directional camera, a
parabolicmirror is imagedby an orthographidens
to producethe image. The combinationof ortho-
graphicprojectionandthe parabolicmirror provides
a singleviewpoint, at thefocusof the parabolicsur



Figure6: A threelayerphysicalpanoramigyramid
imagedfrom sideto shav mirror stack.

face. For ary parabolicmirror size, the resulting
paraimagecontainsthe full hemisphericsiew. The
size of the omni-directionalimage dependson the
imagemagnificationandthe size of the mirror. The
panomlamicpyramid proposedy T. BoultatLehigh,
usesasetof parabolicmirrorsstacledoneontopthe
other Eachmirror producesa paraimagendcanbe
unwarppedto pravide a perspectie view in ary di-

rectionwithin a panoramicslice. In the pyramidin

figure 6, the mirrors were chosenso thatthe gener

atedomni-directionaimageswerel/2theresolution
of the next finer resolution. Mirrors can, however,

provide ary resolutionreductiondesired.e.g. 4-to-
1, 10-to-1or even 6.4-to- 1 (sayto reducea 4kx3k
imageto normal640x480video).

The resulting panoramic pyramid system allows
course-to-fingprocessingn the truestsense: after
processinghe pixelsin thelowerresolutionregions,
only the higherresolutionpixelsin theregionsof in-
teresneedbetransferredromtheimagingarray We
do not even needto transfey let alone processthe
pixelsin low interestareas.

While we have built a panoramicpyramid proto-
type, thereare numerousresearchssuesstill to be
addresseaspeciallyaspectf noise, handlingthe
increaseddemandson depth-of-field, systemcali-

brationandgenerareal-timesoftwaredevelopment.
Initial prototypingwill useexisting high-resolution
camerasandPC.We will alsobe pursuingdirectin-

tegrationof highresolutionmagersandDSPsto al-

low full programmabilityand “on cameraprocess-
ing”.

7 Image Fusion

In recentyears,imagefusion approachedasedon
multiscaledecompositiofMSD) beganto emege
and receve increasedattention. In our research,

Figure 7: A panoramicpyramid image of size
480x480. The “edges”of the mirrors only distort 1
pixel. (Becausef alignmenterrorsin the mounting
thesmallestmirror is displacedslightly dovnward.)

a genericimage fusion framevork (seeFigure 1)
basednmultiscaledecompositiorfMSD) is studied
[ZzhangandR. S. Blum-, ZhangandR. S. Blum-97,
ZhangandR. S. Blum-1997%. This framevork pro-
videsfreedomto choosealifferentMSD methodsand
differentfusionrules. It cannotonly describeheex-
isting imagefusion schemeslevelopedin previous
researchbut alsointroducessomenew approaches.
Thesenewn approachefiave beenshavn to outper
form previous approaches.Our study was focused
onhow to usethe MSD dataof the sourceémagesto
producea fusedMSD representationvhich should
be moreinformatie to the obserer (humanor com-
puter).Studiesof thistypehave beenacking. Exper
imentsshav thatregion-basedusionandmultiscale
MSD coeficientsgrouping,two new ideaswe pro-
pose,canalmostalwaysimprove the imagefusion
performanceor ary of the MSD methodswe con-
sidered.Somenaturalextensiongo the MSD-based
imagefusion researchare also suggestedasedon
this framework.

8 Blind Image Quality Estimation

Somenew techniquesare proposedfor estimating
thequality of anoisyimageof anaturalscend Zhang
andR. S.Blum-1998. In ourtechniquesa mixture

modelis usedin conjugationwith the expectation-
maximization(EM) algorithmto modelimagesob-

tainedby edgedetectiorof theimagesunderconsid-
eration. This approactyields an accurateepresen-
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Figure8: Thegenericframevork of imagefusionschemes

tation which is usefulin the processof fusing sev-
eralimagedo obtaina higherqualityimage.Quality
measuresf thistype areneededor fusion, but they
have not receved much attentionto date. Analyti-
cal justificationsare given which explain why these
techniquesvork. Experimentakesultsindicatethat
the techniqueswork well in practice. Thesetech-
niquesneedonly theimagesto be evaluatedanddo
not usedetailedinformationaboutthe formation of
theimage.Thefocusis onthe casewheretheimage
is only corruptedby additve Gaussiamoise,which
is independenfrom pixel to pixel, but somecases
with signal-dependemtoiseor blurringarealsocon-
sidered. Somepracticalexamplesare investigated
in our researchwhich illustrate the applicability of
thesetechniques.

9 Quantitati ve Evaluation of
SuperResolution

No matterwhattheresolutionof imagingsensorsve
build, thereis always a desireto get a little more
resolutionfrom thoseimages. In the first two years
of this MURI project,we addressedhis continuing
needby developinganddemonstratingfficienttech-
niquesproducingsuperfresolutionimages.Thetech-
niquesdiffered from previous work by concentrat-
ing more on earlier stagesin particularthe quality
of imagewarpinginherentin suchtechniques.We
developeda new techniquethat integrateda model
intra-pixel blurring into the process. Over the past
year we undertookwhatwe believe is thefirst quan-
titative “task-based&valuationof a supesresolution
technique,[Chiang-1998 The quantitatve analy-
sis hadtwo components.The first usedimage se-
guence®f text andtheevaluationusedacommercial
OCR systemwith characterrecognitionratesasthe
metric. The resultsshaved that our new technique
wassignificantlybetterthaninterpolationtechniques
and betterthan the existing supefresolutiontech-

niquesagainstwhich we testedit. The initial qual-
itative evaluation comparedour techniqueto the
bestknown state-of-theart ([Irani and Pelay-1991,
Irani and Pelay-1993) and comparedmultiple in-
stancesof our approach(using both bilinear and
our nenv warpingtechniqueswith and without de-
blurring). Only the most successfulwere consid-
eredfor quantitatve evaluation. The first part of
the quantitatve evaluation used an OCR system
as a back-endand “recognition ratesas a metric”.
For “video-conferencingquality camerasheexper
iments shaved resultsranging from 63% recogni-
tion (for uncorrectedilinear interpolation)to 97%
raw recognitionfor new supefresolutiontechniques.
With bettercamerasand more pixels per character
improvements lesssignificant,althoughmeasurable
(97%versu99%).

Text recognition, however, is a somevhat artifi-
cial problemwith almostbinary data. Our second
guantitatve evaluationwas basedon objectrecog-
nition/pose estimation. The experimentused the
SLAM system[Neneet al.-1994 which wasdevel-
opedin earlieryearsof this MURI. SLAM is anap-
pearancdasedecognitionsystemthatusesa para-
metriceigenspacefor theexperimentsSLAM was
trainedusing a 50mm lens on 36 views of 12 ob-
jects. For testing,sequencesf 8 to 32imageswere
obtainedusing a 12 mm lens and different tech-
niqueswere usedto scalethe imagesbeforeusing
themasinputto SLAM. Differentposesf the same
objectprovide minimally different“images” where
thedetailaddedby supefresolutionmatter§Chiang-
1999. Theresultsshaw thatevenin this more*“vi-
sion” orientedapplication,supefresolutionhelpsin
mostcases.In the caseswvheresupesresolutiondid
not outperformstandardcubic-corolution interpo-
lation, it was also the casethat both methodsdid
betterif we blurredthe image. (We believe this is
becausahe images/algorithmsvere dominatedby



aliasingartifactswhich arereducedwith blurring).

10 Reflectanceand Texture of Real World
Surfaces

Characterizingheappearancef real-world surfaces
is importantfor mary computervision algorithms.
The appearancef ary surfaceis a function of the

scaleat which it is obsered. Whenthe character

istic variationsof the surfaceare subpixl, all local

imagepixels have the sameintensitydeterminedyy

the surfacereflectance The variationof reflectance
with viewing andillumination directionis captured
by the BRDF (bidirectional reflectancelistribution

functior). If the characteristicsurface undulations
areinsteadprojectedontoseveralimagepixels,there
is a local variation of pixel intensity referredto as
imagetexture. The dependencof texture on view-

ing andillumination directionsis describedby the

BTF (bidirectionaltexture function.

We have measuredhe BRDF of over 60 sampleof
rough, real-world surfaces. Although BRDF mod-
els have beenwidely discussedand usedin vision
(see[Nayaret al.-1991 [ Tagareand DeFigueiredo-
1993 ,[Wolff-1994 ,[Koenderinket al.-1994,[Oren
and Nayar1995) the BRDFs of a large and di-
verse collection of real-world surfaceshave never
before been obtained. Our measurementgom-
prise a comprehense BRDF database(the first
of its kind) that is now publicly available at
wwwcs.columbia.edu/GA/cuet.

Exactly how well the BRDFsof real-world surfaces
fit existing modelshasremainedunknavn as each
model is typically verified using a small number
(2 to 6) of surfaces. Our large databaseallowed

us to evaluatethe performanceof known models.
Specifically themeasuremenrefit to two existing

analytical representations:ithe Oren-Nayarmodel
[Oren and Nayar1994 for surfaceswith isotropic
roughnessand the Koenderinket al. decomposi-
tion [Koenderinket al.-19964 for both anisotropic
and isotropic surfaces. Our fitting resultsform a
conciseBRDF parametedatabasé¢hatis alsopub-
licly availableat wwwcs.columbia.edu/GAc/cuet.

TheseBRDF parametersan be directly usedfor

both imageanalysisand image synthesis. In addi-
tion, the BRDF measurementsanbe usedto evalu-

ateotherexistingmodeldNayaretal.-1991 [Tagare
andDeFigueiredo-1993Wolff-1994 aswell asfu-

turemodels.

While obtaining BRDF measurementsmages of
eachreal-world samplewere recorded. Theseim-
agesprove valuablesincethey comprisea texture

databaseor a BTF databasewith over 12,000im-
agegq61 samplesvith 205imagespersample). Cur
rent literature deals almost exclusively with tex-
turesdue to albedoand color variationson planar
surfaces(see[Wang and Healg/-1994 ,[Chatterjee-
1999 [Kashyap-198Y. In contrastthetexturedue
to surfaceroughneshascomplex dependenciesn
viewing andillumination directions. Thesedepen-
denciescannot be studied using existing texture
databasethatincludefew imagegoftenasingleim-
age) of eachsample(for instance the widely used
the Brodatzdatabase) Our texture databaseovers
a diversecollection of rough surfacesand captures
thevariationof imagetexture with changingillumi-
nationandviewing directions. This databasés also
availableatwwwcs.columbia.edu/GA/cuet.

11 Histogram Model for 3D Textures

The term image texture, or simply texture, usu-
ally refersto the digital imageof atexturedsurface.
In orderto understandmagetexture, the natureof

the surfacetexture must be specified. Image tex-

ture can arise not only from surface albedovaria-
tions (2D texture) but alsofrom surfaceheightvari-

ations(3D texture). Thedistinctionbetweer3D tex-

tureand2D textureis exploredin recentwork [Dana
etal.-1994,[Danaetal.-1997 [vanGinnelenetal.-

].[IKoenderinkand van Doorn-1994,[Starridi and
Koenderink-1997[Leungand Malik-1997]. While

thereis alargebodyof work dealingwith algorithms
for the analysisandsynthesiof 2D texture,compa-
rablework for 3D textureis quite sparse.Sincethe
appearancef 3D texture dependsn the illumina-

tion andviewing directionin a complicatednanney
it is usefulto referto imagetextureasabidirectional
texture function

Modelingandsynthesizinghis bidirectionaltexture
is key to achiering robust texture recognitionand
segmentatioraswell asphotorealistidexturerender
ing. A fundamentatepresentationf texture is the
histogramof pixel intensities. For 3D texture, just
asimagetexture is bidirectional,the histogramis a
bidirectionalhistagram Change#n thehistogramof
3D texture with illumination andviewing directions
areindicative of the surfacestructure. The work of
[van Ginnelen et al.-] alsoaddressehistogramsof
3D textureby investigatinghe physicalmechanisms
underlyingbidirectionalhistogramdrom alarge va-
riety of surfacesandby usingstatisticalsimulations
to generatdistogramsf Gaussiamoughsurfaces.

We have developedan analyticalmodelof the bidi-
rectional histogram of image texture [Dana and
Nayar1999. For arbitrary surfaces, developing
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Figure 9: lllustration of 3D texture synthesisusing texture-morphingand the histogrammodel. From left to right
theimagesarel) plasterfrom a nearfrontal view, 2) a simulatedobliqueview obtainedby applyingstandardexture-
mappingto the frontal view image,3) the actualobliqueview of the plastersample 4) a simulatedobliqueview by
applyingtexture-morphingo thefrontal view image.Thesimulatedview obtainedby texture-morphings significantly

betterthantexture-mapping.

sucha modelis extremelydifficult. So,for tractabil-
ity, we assumedhe imagedsurfacehasanisotropic
random-slopeprofile and constant-albedd.amber
tian reflectanceThis modelhasbeenshavn to bea
goodapproximatiorfor avarietyof naturalandman-
madesurfacesfoundin ordinaryscenesOur model
is basedon a geometric/photometrianalysisof the
interactionof light with the suriace. We shawv the
accurag of themodelby fitting to the histogramof
real 3D texturesfrom the Columbia-Utrechtexture
databasé¢Danaetal.-1997.

Themodelcanbeusedin applicationdor bothcom-
puter vision and computergraphics. The param-
eters obtainedfrom the model fits are roughness
measuresvhich canbe usedin texture recognition
schemeslIn addition,the modelhaspotentialappli-
cationin estimatingillumination directionin scenes
wheresurfacesof known tilt androughnessrevis-
ible. We demonstratehe usefulnesf our model
by emplging it in anovel 3D texture synthesigpro-
cedurecalled texture-morphing. We shawv that re-
sultsobtainedusingtexture-morphingaresuperiorto
thoseobtainedwith standardechniquesf texture-
mapping(seeFigure9).

11.1 Training and Evaluating Deformable
Models

A deformablenodel(“snale; in 2D) is aparameter
ized shapethatis adjustedo minimize an objective
functionof it andanimage,in orderto fit thebound-
ary of a depictedobject. This work concernsthe
learning, from groundtruth, of the objective func-

tion thatguidesthemodel. It is beingappliedto two

very differentimage modalities,cardiacultrasound
andabdominalCT images;the work is expectedto

readily transferto otherdomains,suchasimageor

rangedataof industrialparts. In contrastto the as-
sumptionsof existing methods,the initial domains
arerealisticin thatthedesiredobjectsarenotneces-
sarily the oneswith the sharpesboundaryedges.

Since one must choosethe featuresto be learned,
aswell asthe parameterizedunction thatis fit to
their distribution, the researchalso concentratesn
evaluatingthe performanceof a resultingobjectie
function [Fensterand Kender1999. The method
developedis equallyapplicableto moretypical de-
formablemodelswhichhave notbeentrained;it can
andhasbeenusedto evaluatesuchmodels.

For the learningpart of the work, we have derived
objective functionsfrom obsered distributions of
image intensity and gradientstrengthat different
scalegblurs)for pointsonthe shapeboundary Sev-
eral relatedfunction families were testedfor fitting
the distributions, including joint Gaussiangn in-
tensityandgradient,identically distributed at every
boundarypoint; separatedistributions for different
“sectors”of the boundary;anda 2D Gaussiarwith
a covarianceparameter Eachwas testedat three
scales.

For the evaluation part of the work, we have
testedheobjective functions’statisticabehaior for
shapewwith varying degreesof closenesso the cor
rectone,where“close” is measuredby chamfer(av-



erage)distanceand“varying degrees”aregiven by
a perturbatiormodel (Figure 10). We have devised
novel measure®f performancewhich include the
incidenceof “false positives”, that is, the number
of similar but incorrectshapesscoring betterthan
groundtruth, andthecorrelationcoeficient of shape
dissimilaritywith objective functionvalue.

Experimentatiorhasshavn that the simplestdistri-
bution model, the joint Gaussiansyielded a vast
improvementover the traditionalobjective function,
which maximizesgradientstrength. Sectoringthe
contourinto separatelyearnedsegmentsprovided a
further improvementfor abdominalCTs. Twice as
coarsea scalewasfoundto be optimalin the ultra-
sounddomainasin the CT domain.Theseandother
resultsare presentedn an accompaying paperin
thisvolume.

12 Optimal Weighting Functionsfor
Feature Detection

More often thannot, existing featuredetectorgive

equalimportanceto eachof the pixels. However,

somepixels may well provide more reliable infor-

mationthan others. For instance when estimating
the parameter®f a corner it seemsntuitively rea-
sonablethat the centermost pixels provide almost
noreliableinformation,whereasghepixelsonthepe-
ripheryarevital for high performanceln [Bakerand
Nayar19984, we studiedhow to weightthe contri-
butions of the image datato maximizethe perfor

manceof a featuredetector

Model matchingfeaturedetectorssuchas[Hueclel-
1971, [Nalwa andBinford-1984, [Rohr1997, and
[Bakeretal.-1999, areoneof thepredominantypes
of featuredetectors.Suchdetectorassumenideal
parametriomodelof the featurein question.A fea-
tureis detectedy amodelmatchingdetectotif there
exist parameteraluessuchthattheidealfeaturein-

stanceandtheimagedataare “sufficiently similar”

To measurghe degreeof similarity, the detectorre-
quiresa matchingfunction. In [Baker and Nayar

19984, the problemof decidinghow to weightthe
contritutions of the pixel intensity datawasformu-
lated as one of selectingthe matchingfunction to
maximizedetectomperformance.

The selectionof the matchingfunction for a fea-
ture detectothadnever beforebeenstudiedin a sys-
tematicmanner In fact, mostmodel matchingde-
tectorssimply usethe Euclidean  norm without
even mentioningthe decision. Examplesinclude
[O’Gorman-1978 [Hummel-1979, [Morgenthaler
1981, [Zucker and Hummel-198], [Nalwa and

Binford-1984, [Rohr1994, and [Baker et al.-
1999. Othermodelmatchingfeaturedetectorshave
usedweighted  norms,but in all suchcasesthe
weighting function was chosenin a completelyad-
hoc manner See, for example, [Hueclel-1971,
[Hueclel-1973, and[Hartley-1989.

Aswith any othermatchingproblem thereis atrade-
off betweerthe compleity of the matchingfunction
andits performanceln featuredetection efficiency
is of vital importance. In fact, one of the primary
reasonghattheEuclidean normhasbeenusedso
oftenin the pastis becausét canbe evaluatedeffi-
ciently Therefore,we beganby shaving how the
featuredetectionalgorithm of [Baker et al.-1994,
which usesthe Euclidean  norm,canbe extended
to usean arbitrarily weighted  norm with essen-
tially no additionalcomputationatost. This result
allowedusto considetheentireclassof weighted
normsaspossiblematchingfunctionswithout sacri-
ficing efficiengy.

Next, we proposedptimality criteriafor two key as-
pectsof featuredetectionperformance:featue de-
tection robustnessand parameterestimationaccu-
racy We alsoshaved how thesetwo criteriacanbe
combinedto form other optimality criteria that are
moreappropriatdor specificapplications.We ana-
lyzed the optimality criterionfor parameteestima-
tion underthe simplifying assumptiorthat the fea-
ture manifoldis linear We shaved that, for a fairly
generahoisemodel,the optimalweightingfunction
assignsa weightto eachpixel thatis inverselypro-
portionalto thevarianceof the noiseatthatpixel.

Extendinghisanalysido thegenerahon-linearcase
for ary of the optimality criteriaproved intractable.
Insteadwe proposeda numericalalgorithmthatcan
beusedto find theoptimalweighted normfor ar-
bitrary parametricfeaturesandalmostary concev-
ableoptimality criterion. We appliedthis algorithm
to threeimportantfeaturesthe stepedge, thecorner
andthe symmetridine. Theresultsdo indeedshav
that the centermost pixels are of little importance
whenestimatingthe parametersf the corner They
alsoshav, aswaswidely believed, that the center
mostpixels arethe mostimportantfor the sub-piel
localizationof a stepedge. Theseexperimentalre-
sultsdemonstratéhe majorcontritution of ourwork
which is a generalpurposemethodof automatically
finding optimal weighting functionsfor parametric
featuredetectors.
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Figurel10: (a) An echocardiograrwith ground-truthbloodpool outline; (b) 1,000perturbedsersionsof it (enlaged);
(c) incorrectnesss. summededgestrengths;(d) incorrectnesss. learnedGaussiardensity of intensity and edge
strength(5 parameters)Raw edgestrengthwasevenlesscorrelatedo correctnesat blur 4 (not shavn). Thetraining
(on 24 images,averaging246 contourpixels each)did unusuallywell on this image,althoughwith the CT datasuch
improvementwastypical. In this image,the trainedmodelscoredthe groundtruth betterthanall but one very close

perturbation.

13 AppearanceMatching with Partial Data

Appearancematching based on linear subspace
methodshave found mary important applications
in computationalvision including face recogni-
tion [Turk and Pentland-1991 real-time 3D ob-
jectrecognition[Nayaretal.-1994, andplanarpose
measuremendKrumm-1996. Appearancenatching
methodsgenerallyuseimage brightnessvaluesdi-
rectly, withoutrelying onthe extractionof low-level
cuessuchasedgesjocal shadingandtexture. This
approachrelies on the fact that brightnessvalues
cancaptureboth geometricandphotometricproper

ties of the objectsof interest. Formally, appearance

matchingis mostoften basedon the genericlinear
model:
1)

where, isthedesignmatrixthatrepresentthesub-
space, istheintensityarray andx arethe subspace
coordinateshatcharacterizéheimage.Array _ can
containthe entiresetof pixelsin theimage,or only
a subsetwof the pixels. Respectiely,  will consist
of theentiresetof rows or only thesubsethatcorre-
sponddo the pixel subset.

In mary casesve would like to beableto recognize
an image basedon only part of its data. Suchan
examplewould be to recognizean occludedimage.
Clearly occlusiondeggradessomeof the brightness
values.We would notlike to usecorruptedpixelsfor
recognition.Occlusionis usuallyspatiallylocalized,
hencethe subsetusedshouldbe localizedas well,
within a square. We would like the window to be
large andrepresentate of theimage. However, the
probability of overlap betweenthe window andthe
occludedregion, which canbe at a randomlocation
in theimage,increasesvith the size of the window.

Anotherapplicationof subsetselectionwould be to

male recognitionfaster Thisis becauseecognition
time is linearly proportionalto the size of the pixel

set.

A numberof attemptshave beenmadeto address
recognitionwith occludedor partial data[Murase
andNayar1999 [Moghaddamand Pentland-1995
[Krumm-1996 [Brunelli
andMesselodi-199B[LeonardisandBischof-1994.
Thoughtheseapproacheareinteresting,nonesuc-
ceedso addresghe underlyingproblemswith ade-
guatedepth. The first threetechniquesselectwin-
dows in animagewith ad—hocaguments. Further
they canonly be appliedto specifictypesof images.
The lasttwo initially selecta small subsetof pixels
randomlyandthenpruneit with iterative algorithms.
However, aniterative algorithmis not guaranteedo
converge to the desiredsolution. In addition,recog-
nition basedn very smallsubsetss notreliable.

Similar problemsto the onesdescribedabore have
beeninvestigatedmore thoroughly in the general
context of statistics [Hotelling-1944 [Ehrenfeld-
1954 [Huber1981 [CookandWeisbeg-1983. Al-
thoughuseful,their resultshave limitations, for ex-
ample,someassumehat measurementsan be re-
peatedpthersdealonly with closedform mathemat-
ical expressionspr suggestlgorithmspracticalfor
only smalldatasets.

Recently we have derived optimal criteria [Had-
jimetrious and Nayar1999 for selectionof a sub-
setof pixels, throughsensitvity analysisof the cor
respondingsubsetof rows of the designmatrix

For this, it turnsout that, the correlationamongthe
rowsof shouldbeminimal. Furthermoretherows



should have similar magnitudes. Our resultshave
led to a numberof selectioncriteria, which areused
to implementtwo practicalalgorithms[Hadjimetri-
ousandNayar1994. Thealgorithmsarewidely ap-
plicable, and have beenshavn to selectsubspaces
with nearoptimal properties.Thefirst algorithmju-
diciously selectssquarewindows. The secondalgo-
rithm judiciously selectssubsetf pixels from the
entireimage. Thealgorithmsweretestedwith noisy
images.They demonstratsuperiorrecognitionper
formancewhen comparedo algorithmsthat select
pixel subsetsandomly In addition, they substan-
tially reducerecognitiontime with arelatively small
decreasén recognitionperformancdHadjimetrious
andNayar1999.

13.1 Structural Analysisof ExtendedVideo
Seqguences

In extendedvideo sequencesndividual framesare
groupednto shots,which aredefinedby a sequence
taken by a single camera. Similarly, relatedshots
groupinto sceneswhich aredefinedby asingledra-
matic eventtaken by asmallnumberof relatedcam-
eras. This hierarchicalstructureis deliberatelycon-
structed asit is dictatedby the limitationsandpref-
erence®f thehumanvisualandmemorysystems.

We have devisedanddemonstratethreenovel high-
level segmentationresultsderived from thesecon-
siderations,someof which are analogougo those
involved in the perceptionof the structureof mu-
sic [Kenderand Yeo-1998. First and primarily,
we have shavn a methodfor measuringprobable
sceneboundaries,by calculatinga short-termhu-
man memory-basednodel of shot-to-shot‘coher
ence”. Thedetectionof local minimain this contin-
uousmeasurgermitsrobustandflexible segmenta-
tion of thevideointo sceneswithoutthe necessityf
first aggr@ating shotsinto similarity clusters. Sec-
ondly andindependenthof the first, but alsobased
onthesememorymodels we hase shavn aone-pass
on-the-flyshotclusteringalgorithm. Third, we have
shawvn partially successfutesultson the application
of thesawo new methodgo thenext higher “theme”
or “act”, level of videostructure.

Thework hasbeenappliedto severalgenresjnclud-
ing half hoursitcomsandmovie-lengthdramaticac-
tion films. Thesehumanperception-basethethods
arerohust: althoughnotdesignedor it, they alsoap-
pearsto applyequallywell to the next lower level of
detail, namely the detectionof the shotboundaries
themseles.
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Figure11: The coherenceof a half-hoursitcomvideo.
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