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Abstract

Video data,generatedby the entertainmentindustry, securityand
traf�c cameras,video conferencingsystems,video emails,andso
on, is perhapsmosttime-consumingto processby humanbeings.
In this paper, we presenta novel methodologyfor “summarizing”
videosequencesusingvolumevisualizationtechniques.Weoutline
a systempipelinefor capturingvideos,extractingfeatures,volume
renderingvideoandfeaturedata,andcreatingvideovisualization.
Wediscussacollectionof imagecomparisonmetrics,includingthe
linear dependencedetector, for constructing“relative” and“abso-
lute” differencevolumesthat representthemagnitudeof variation
betweenvideo frames. We describethe useof a few volumevi-
sualizationtechniques,including volumescenegraphsandspatial
transferfunctions,for creatingvideo visualization. In particular,
we presenta stream-basedtechniquefor processingand directly
renderingvideo datain real time. With the aid of several exam-
ples,we demonstratetheeffectivenessof usingvideovisualization
to convey meaningfulinformationcontainedin videosequences.

CR Categories: I.2.10[Arti�cial Intelligence]:Vision andScene
Understanding—Video Analysis; I.3.8 [ComputerGraphics]:Ap-
plications;I.4.10[ImageProcessingandComputerVision]: Image
Representation—Volumetric

Keywords: Videovisualization,volumerendering,videosurveil-
lance,changedetection,image-sweptvolume.

1 Intro duction

In February2002,it wasreportedthattherewere25million CCTV
camerasin operationworldwide[Wake�eld 2002]. In somepartsof
theworld, suchastheUnitedKingdom,it is estimatedthaton av-
erageacitizenis caughtonsecurityandtraf�c cameras300timesa
day. Along with digital camcorders,digitizedmovies,videoconfer-
encingandvideoemailsthatarealsomakingtheirwaysinto every-
daylife, it is almostcertainthat therewill bea multi-fold increase
in videodatain thecomingyears.

A videois apieceof orderedsequentialdata,andviewing videos
is a time-consumingandresource-consumingprocess.For exam-
ple, an increasingproblemin the securityindustry is the ratio of
surveillancecamerasto securitypersonnel.Imaginethat security
of�cers have to review anovernightcollectionof videotapeswhen
they arrive at their desksin themorning. It is simply not possible
for any securityof�cer to studyalargenumberof videotapesevery-
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day. It is hencehighly desirableto developmethodsfor extracting
andhighlightinginterestingfeaturesin videosequences.

Automatedvideoprocessingis a researchtopic thatis of signi�-
cantimportanceto thesecurityandentertainmentindustries.There
is arich collectionof techniquesfor analyzingimagerydata,andfor
computingvariousstatisticalindicators.However, thereis ageneral
lack of effective techniquesto convey complex statisticalinforma-
tion intuitively to alaypersonsuchasasecurityof�cer, exceptusing
line graphsto depict1D signallevels. Most of thetechniqueshave
not reachedsuchanintelligentlevel thatthey canberelieduponto
makedecisionsin placeof ahuman.

Figure1: Visualizationof four experimentalvideosbasedon dif-
ferentscenarios,namelywalking,running,mischiefandburglary.



In this paper, we presenta novel approachto the handlingof a
very large amountof video data. We proposeto employ volume
visualizationtechniquesfor “summarizing”video sequences,and
to rendervideovolumesinto appropriatevisualrepresentationsthat
canbeusedto assistin thedecisionmakingprocessesof a human
operator. For example,every morning,securityof�cers canbepre-
sentedwith oneor afew visualizationsfor eachsurveillancecamera
thathasbeenmonitoringa premiseduringthepreviousnight. Fig-
ure1 shows thevisualizationof four experimentalvideosof differ-
entstagedactivitiesthatsimulatesometypicalscenarioswhichmay
takeplacein auniversitybuilding atnight. Fromthevisualizations,
onecanobserve the levels andpatternsof the activities recorded.
Webelievethatsuchvisualizationscanconvey muchmoreinforma-
tion, especiallyspatialinformation,thana few statisticalindicators
or line graphs.With carefully preparedvisualizations,the human
vision system,perhapsthe most intelligent vision system,is able
to becomeaccustomedto certainkindsof “normal” visualpatterns,
andreactto unusuallevelsor patternsof activities thatneedfurther
investigation. Videovisualizationcanalsobeusedto assistin pro-
cessingvideos,suchasvideosegmentation,andvideoannotation.

Video datais a type of volumedata. Hencethe key to our ap-
proachis thevolumevisualizationtechnology, whichhasbeensuc-
cessfullyandextensively deployed in medicalimagingandscien-
ti�c visualization.Localizedstatisticalindicatorsof videodatacan
alsoberepresentedin avolumetricform. Thisconceptualsimilarity
allowsusto utilize somepowerful volumevisualizationandvolume
graphicstechniques,suchas,volumetricscenegraphs, opacityand
color transferfunctionsandspatialtransferfunctions.

In Section2, we will brie�y review thepreviouswork on video
processing,focusingon methodsfor changedetection,andrecent
work on videocuberendering.In Section3, we will proposethree
hypothesesandoutline our contributions in this context. In Sec-
tion 4, we will considera conceptualpipelinefor capturing,man-
aging,processing,renderingandvisualizingvideos.Wewill brie�y
describethedesignanddevelopmentof a prototypesystem,called
V3 (short for VolumeVisualizationfor Videos). In Section5, we
will discussvariousways for extractingandcreatingfeaturevol-
umes,andwe will focuson several imagecomparisonmetricsfor
detectingchangesin video sequences.This is followed by Sec-
tion 6, wherewe will describetheuseof a setof volumemodeling
andrenderingtechniquesfor videovisualization.In Section7, we
will presentsomevisualizationresultsanddiscusstheeffectiveness
of differentchangedetectionmethodsfor presentingvisualfeatures
in videovisualizations.We will offer our concludingremarksand
anindicationof futurework in Section8.

2 Related Work

In orderto overcomethesequentialandtime-consumingprocessof
viewing video[YeoandYeung1997],anoticeableamountof effort
hasbeenmade,largely by the imageprocessingandvision com-
munity, to devisemethodsfor processingvideodataautomatically.
Oneof the researchfocusesis change detection. A commongoal
in changedetectionis to ascertainimagedifferencesthat relateto
objectchangesin a scene.[Narasimhanet al. 2002]outlinedmany
factors,suchas re�ectance,illumination and atmosphericcondi-
tions,whichmightcomplicatesuchaprocess.A varietyof methods
wereproposed,including thresholding[Rosin1997],differentim-
agecomparisonmetrics[Youngetal. 1999;Zhouetal. 2002],mor-
phological�lters [Stringa 2000],statisticalmodels[Brocke 2002],
combinedaudio-visualanalysis[Tsekeridou et al. 2001], linear
dependencemodels[DurucanandEbrahimi2001a;Durucanand
Ebrahimi 2001b], color edgedetection[Cavallaro and Ebrahimi
2001], and homomorphic�ltering [Toth et al. 2000]. Many re-
searchersstudiedvideoprocessingin thecontext of videosurveil-
lance[Collins et al. 2000], for instance,monitoring crowds [Yin

etal. 1996],monitoringvehicles[Cutleretal. 1999],andrecogniz-
ing pedestrians[Vannoorenbergheetal. 1997].

However, two problemsremainin automaticvideo processing:
(i) How will the results of video processing,such as detected
changes,becommunicatedto humanoperators?Statisticalresults
arenot easilycomprehensible,while sequencesof differenceim-
agesagain requiresequentialviewing. (ii) How reliablewill these
automatictechniquesbein differentcircumstances?It is generally
dif�cult to develop an automaticvideo processingtechniquethat
canadaptto differentsituationswith little or nocalibration.

An alternative approachis to help usersobtainan overview of
a videoby extractinginterestinginformationfrom videodata,and
presentthe information to usersin a meaningfulway. One sug-
gestionwas to usebrowsing techniquesfor viewing a video like
�ipping througha book [Yeo andYeung1997]. A numberof re-
searchersnoticedthe structuralsimilarity betweenvideo dataand
volume data commonly seenin medical imaging and scienti�c
computation. For the latter, there is a large collection of meth-
ods[LorensenandCline 1987;Levoy 1988] thatenable3D infor-
mationin avolumetricdatasetto beselectively renderedinto asin-
gle2D image.Attemptsweremadeto rendervideosasinter-related
imageframesby [HertzmannandPerlin2000],andasvolumedata
setsby [Klein etal. 2002].Both focusedonnon-photorealisticren-
dering for creatingan artistic visual experience,andboth treated
videosas solid video cubesor cuboids. Therewas also a recent
report on an initial investigation, in the context of sign language
analysis,into thevolumetricrepresentationof objectmovementin
asimplevideosequence[Hajek2002].

3 Our Hypotheses and Contributions

Consideringvideovisualizationasanew scienti�c subject,wepro-
posethefollowing threehypotheses:

1. Video visualizationis an (i) intuitive and (ii) cost-effective
meansof processinglargevolumesof videodata.

2. Well constructedvisualizationsof a video are able to show
informationthatnumericalandstatisticalindicators(andtheir
conventionaldiagrammaticillustrations)cannot.

3. Userscanbeaccustomedto visual featuresdepictedin video
visualizations,or canbetrainedto recognizespeci�c features.

To ascertainthesehypotheseswill nodoubtrequireasubstantial
amountof scienti�c investigationandtechnicaldevelopment.As no
previouswork on this subjectwasfound in the literature,we hope
this paperwill serve asa brave path-�nder. Ourmaincontributions
include:

� We have initiated an original investigation into the subject,
andoffereda generalsolutionby utilizing volumevisualiza-
tion techniques,focusingon differencevolumes,spatialand
opacitytransferfunctions,andstream-basedrendering.

� We have designedand implementeda video visualization
pipelineby integratingacollectionof techniques,andwehave
demonstratedthat it is technicallyfeasibleto offer video vi-
sualizationas a practical tool to applicationssuchas video
surveillanceandvideosegmentation.

� We have conductedseveralcasestudies,including television
programmes,andindoor andoutdoorvideo sequences.The
resultsof thesestudieshaveprovidedthe�rst setof evidences
to supporthypotheses(1) and(2).

For thethird hypothesis,we believe thatsomecomprehensive user
studiesarenecessary, but wearecon�dent aboutthelikelihoodof a
positiveconclusion.



4 Video Visualization Pipeline

A videovisualizationpipelineis a data�o w pipeline,consistingof
a seriesof functionalcomponents,namelyvideocapture ) data
communication) datamanagement) videoprocessing) video
visualization. Eachcomponentmayaccommodatearangeof mech-
anismsandtechniques.For example,thevideocapturecomponent
maycapturevideosfrom asetof securitycameras,or bea tool that
receivesvideoemails.Thevideoprocessingcomponentmayhouse
acollectionof imageprocessingtechniquesandstatisticalmethods.

V3 – VolumeVisualizationfor Videos– is a prototypesystem
designedto demonstratethetechnicalfeasibilityof suchapipeline.
Itsprimarydesignobjectiveis to facilitatequickanalysisof recently
archivedvideodata,suchasin thesecurityindustry, throughtheuse
of volumevisualization.This objective is re�ected stronglyin the
designof theV3 systemarchitectureanduserinterface(Figure2).
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Figure2: ThesystemarchitectureandUI of V3.

V3 allows multiple sitesto be monitoredconcurrentlyin real-
time from a singlecontrol center. At eachremotesite,we have a
setof camerasthatcanbeinteractively controlled(e.g.,EVI-D31/B
Sony video cameras).The imagerydatacapturedby the cameras
are combinedby, and transportedthrough,an MV87 Quadbox,
with which an individual or combinedview canbeselectedat the
controlcenter. Themainsoftwaresystemof V3 is expectedto bein-
stalledin a controlcenter, whereuserscaninteractively controlthe
remotecameras,selectviews, settingup recordingprocesses,and
mostimportantly“visualizing” thecaptureddatain many forms.

There are three major algorithmic modules in the software
framework of V3, namely feature processor, statistical analyzer
andvolumerenderer. The featureprocessormoduleconsistsof a

numberof imageprocessing�lters andimagecomparisonmetrics.
The moduletakes the raw imagerydataas inputs, and generates
appropriateoutputsfor thestatisticalanalyzerandvolumerenderer
modules.Thestatisticalanalyzertakesinputsfrom thefeaturepro-
cessormoduleandproducesnumericalstatisticalindicators,which
arethenforwardedto thevisualizationmodulewherethestatistical
indicatorsarepresentedas2D charts(suchasline graphs).Thevol-
umerenderermodulehandlesonly volumetricdata,which includes
theraw videodataaswell asthatgeneratedby thefeatureprocessor
module.This modulardesigngivesusthe�e xibility to replaceex-
isting metrics,�lters andalgorithms,andaddnew ones,whenever
necessary.

Oneof thedesignobjectivesof V3 is toprovidenoviceuserswith
someintuitive but powerful visual representationsthat facilitatea
quick decision-makingprocess. After having experimentedwith
many visual designs,we selected� ve representationsasstandard
optionsin V3 for thedefault displayasshown in Figure3.

Figure3: A videois avolumetricobject.V3 provides� vestandard
visualrepresentationsof avideoobject.

The Microsoft Visual C# .NET developmentenvironmenthas
beenused to implement the main software componentsof V3,
thoughmany �lters, metricsandalgorithmswere�rst implemented
in C andtestedin aLinux environment.

5 Creating Feature Volumes

A videodatasetV is composedof a seriesof imagesI1; I2; : : : ; Itn,
where all imagesare normally of the sameresolutionxn � yn.
HenceV can be consideredas a collection of voxelsthat are or-
ganizedinto a3D regulargrid as:

V = f vx;y;t j1 � x � xn;1 � y � yn;1 � t � tng:

Eachvoxel v is addressedby its grid coordinates(x;y;t), andis as-
sociatedwith oneor morescalarvaluesrepresentingimageryprop-
ertiessuchasintensityandcolorcomponents.In volumevisualiza-
tion, suchastructureis commonlyreferredto asavolumedataset,



3D rasteror a volumebuffer. Becausethetemporaldimensiont is
of a differentnaturefrom thatof thespatialdimensionsx andy, V
shouldnormally be manipulatedasan anisotropicgrid, whenever
thespacingbetweenneighboringvoxelsis amatterof interest.

Theprimaryobjective of videovisualizationis to extractmean-
ingful information from original video datasets,i.e., solid video
cuboids.In principle,theextractedinformationcanberepresented
usingany datatype. In thecontext of thiswork, weconcentrateour
discussionson information that is suitedto volumetric represen-
tations. We convenientlycall a volumetricrepresentationof such
extractedinformationa featurevolume.

GivenanRGB videovolumeV, a featurevolumeF canbecon-
structedusinga �lter asF = Q(V). In general,sucha �lter may
operateon a sub-domainof V, and generatea sub-domainof F.
Someexample�lters consideredin thiswork include:

� color spaceconverters – Each�lter convertsa videovolume
in theRGB spaceto that in analternative color spacesuchas
YIQ andHSV.

� opacity�lter s – Each�lter createsanopacityfeaturevolume
that highlightsor de-highlightsparticularcomponentsof an
RGB volume. Figure4 shows a visualizationsupportedby
sucha �lter that determinesthe opacityof eachvoxel based
on thehuevaluesandedgepropertiesin a smallwindow as-
sociatedwith thatvoxel.

� changedetection�lter s– Each�lter typically createsafeature
volumethatrepresentsthemagnitudeof temporalchangesin a
videovolumeV. Thisis thefocusof thefollowing discussions
in therestof this section.

Figure4: Theapplicationof anopacity�lter .

We have consideredtwo typesof temporalchanges,namelyrel-
ativedifferencebetweenconsecutive imagesin V:

Fr = f D(I1; I2);D(I2; I3); : : : ;D(Itn� 1; Itn)g

andabsolutedifferencebetweenareferenceframeRandeachframe
in V:

Fa = f D(I1;R);D(I2;R); : : : ;D(Itn;R)g

whereFr andFa arethe correspondingfeaturevolumes,andD is
animagecomparisonmetric that returnsa grey-scaleimagerepre-
sentingthe magnitudeof changesbetweentwo input images. Fr
typically givesan indicationof thepaceof movementor changes,
andfor instance,it canbe usedto depict the boundariesbetween
differentsegmentsin a TV news programmeandthespeedof cars
on a road. Fa usuallygivesa goodindicationof thescaleof occu-
pancy, suchasthesizeof a pedestriancrowd in a shoppingcenter.
We will furtherexaminetheuseof thesetwo typesof featurevol-
umes,with someexamples,in Section7.

Thereis alargecollectionof imagecomparisonmetricsin thelit-
erature[Younget al. 1999;Zhouet al. 2002]. We have studiedthe
effectivenessof severalimagecomparisonmetricsin thecontext of
anumberof casestudies,threeof whicharediscussedin thispaper.
They are(i) a shortTV news programmeof 1262framesrecorded
from a terrestrialbroadcast(Figure3), (ii) a setof indoor experi-
mentalvideos,eachof 90secondsand1770frames(Figure1), and
(iii) a12-houroutdoorsurveillancevideoof auniversitycarparkof
662 frames(Figure5). All framesareof thesameresolution,i.e.,
352� 288.

A (06:30:00) B (07:34:00)

C (12:23:49) D (18:20:00)

Figure5: Fourimagesextractedfrom anoutdoorsurveillancevideo
of a carpark. ImageB will beusedasa referenceimagein com-
putingabsolutedifferencesin Figure6.

All our imagecomparisonmetricshave a built-in RGB-to-YIQ
converter. They take RGB imagesasthe inputs,but computesdif-
ferencein theYIQ space,oftenusingonly the luminancechannel
Y. In orderto differentiatethe effectivenessof video visualization
in depictingfeaturesto users, andthatof computervision in iden-
tifying featuresfor users, it is importantto considersomelessso-
phisticated,or algorithmicallytrivial metrics.Amongmany metrics
studied,four havebeenfoundinteresting.They are:

� Y-DIF(I1; I2) – simpledifferencemetric – It takestwo input
images,I1 and I2, and computesa grey-scaleoutput image
O whereeachpixel representsthelineardistancebetweenthe
Y-valuesof two correspondingpixelsin I1 andI2 respectively.

� Y-NMSE(I1; I2) –normalizedmeansquarederror metric– In-
steadof the lineardistance,it computesthesquareddistance
(i.e., error)betweentheY valuesof eachpair of correspond-
ing pixels. Thenameof themetric is inheritedfrom thecor-
respondingstatisticalindicatorthatcalculatesthemeanof the
squarederrorsof all pairsof pixelsin two images.In addition,
theY-componentof eachinput imageis normalizedbasedon
its meanvalueandstandarddeviationprior to thecomputation
of meansquarederrors.Thismayreducetheluminousdiffer-
encecausedby differentlighting andatmosphericconditions.

� IQ-DIF(I1; I2) – color differencemetric– It computesthean-
glebetweentheIQ vectorsof thetwo correspondingpixelsin
I1 andI2, andsetsthe correspondingpixel valuein O to the
angle. It givesa resultsimilar to thatobtainedby computing
thehuedifferencein theHSV space.



� Y-LDD(I1; I2) – linear dependencedetector(LDD) – We use
the improved version proposedby [Durucan and Ebrahimi
2001b].This is anillumination invariantchangedetector, and
it examinesthechangesfrom a referenceimageR= I2 to an-
otherimageI1 usinga smallwindow. Givena k� k window
centeredat (x;y), for eachof thetwo input images,we place
the Y valuesof all pixels in the window into a vector, that
is, vectorM = (m1;m2; : : :) for imageI1, andN = (n1;n2; : : :)
for R. We normallyincreasethevaluesin M andN by oneto
ensurenozerocomponentis in eithervector. Basedontheal-
gebraicpropertiesof thetwo vectors,thelevel of dependence
betweenthetwo vectorscanbemeasuredby:

c =
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k2

k2
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ni
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�
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Whenc= 0,Y-LDD detectsnochanges;whenc< 0, it detects
illumination changes;whenc > 0, it detectsotherchanges,
includingobjectchanges.

Figure6 shows the applicationof the above four metricswhen
comparingimagesin Figure5. As imageB representsan empty
car park in a reasonablygoodlighting condition,it is chosenasa
referenceimage. ImagesA, C andD werechosenasthey exhibit
differentlevels of activities anddifferentlighting conditions.The
valuerangesof all resultantimageshave beenre-mappedto the[0,
255] domainfor maintaininga fair comparisonin the evaluation.
All resultantimageshavebeeninvertedfor clearerprinting. Hence,
in Figure6, thedarker thecolor is, thehigherthe level of changes
detected.

Y-DIF(A;B) Y-DIF(C;B) Y-DIF(D;B)

Y-NMSE(A;B) Y-NMSE(C;B) Y-NMSE(D;B)

Y-LDD(A;B) Y-LDD(C;B) Y-LDD(D;B)

Y-QDIF(A;B) Y-QDIF(C;B) Y-QDIF(D;B)

Figure6: ImagesA, C andD in Figure5 arecomparedwith the
referenceimage,B, usingfour differentmetrics.

Fromall three�gures, we canseethatIQ-DIF doesnot perform

aswell aswhatonewould expect. This is partially dueto the fact
thatall imageswereJPEG-compressedby theimagecapturingde-
vice. Thecompressionseemsto beoptimizedfor luminanceat the
costof redistributing colorswithin small regionsacrosstheimage.
IQ-DIF is alsonot soeffective whenhandlingnoisein a videose-
quence.It performedpoorly whenit wasappliedto the TV news
programmerecordedfrom terrestrialbroadcast.

Y-DIF seemsto beaffectedbadlyby thelighting conditions,and
hasa lot of dif�culties in distinguishingobject changesfrom lu-
minancechanges.Y-NMSE hassubstantiallyreducedthe level of
falsedetectionof changes,but it suffers from the fact that global
normalizationis in�uencedby dynamicchangessuchasthemove-
mentof carsandof�ce lights, in thescene.In otherwords,it is not
ableto maintaina consistentcorrectionof lighting conditions.For
Y-LDD, weuseda3� 3 window for theabovetests.It hasshown its
effectivenessin illumination-invariantchangedetection.Thecriss-
crossyellow lines paintedon the groundis hardly detectedin all
threeresultantimagesof Y-LDD. The pixel valuesof the images
returnedby Y-NMSE andY-LDD arenormally very low. Appro-
priatere-scalingis thusnecessaryprior to thegenerationof output
images.In practice,it is essentialto applya constantscalingfactor
for anentirevideosequence.

6 Rendering Video/F eature Volumes

A video volume and its associatedfeature volume(s) can be
treatedexactly as conventional volume data setsduring render-
ing. From such data sets,we can constructa spatial object o,
which is composedof a set of geometrically-boundedattribute
�elds (A0;A1; : : : ;Ak) [ChenandTucker 2000]. Let R denotethe
setof all real numbers,andE3 denote3D Euclideanspace.Each
attribute �eld is a scalar�eld functionA : E3 ! R. A typical raw
RGB videodatasetis thusa discretespeci�cationof a spatialob-
jectwith threeattribute�elds, namelyred,greenandbluechannels.
Its boundingbox in effect de�nesa solid videocuboid,andits vol-
umecontentsde�ne a solid texture. In V3, eachspatialobjecto
is de�ned with four attribute �elds, (O;R;G;B), namelyopacity,
red, greenand blue. For example,the spatialobject o shown in
Figure3 is in factassociatedwith a uniform, fully opaque,opacity
�eld within theboundingvolume.

Opacityandcolor transferfunctions(whichareoftenreferredto
simply astransferfunctions)arean intrinsic part of volumevisu-
alization.We mayusecolor transferfunctionsto indicatedifferent
magnitudesof changesasin Figure1, wherered depictsa higher
level of changedetectedandgreendepictsa lower level. In this
casethe color �elds of eachspatialobject is de�ned upona fea-
ture volume. We may useopacitytransferfunctionsto remove or
de-highlightpartsof a spatialobject. As shown in Figure 4, we
canassigna featurevolumeto theopacity�eld of a spatialobject,
which turns the partswith blue as the dominantwavelengthinto
translucentamorphousmatter. In thevisualization,it is noticeable
that the blue backgroundbehindthe newscasterhasalmostdisap-
pearedfrom thevideovolume.

A techniquecalledimage-sweptvolume[WinterandChen2002]
hasbeenemployed to facilitatethehorseshoeview, which in gen-
eral conveys more information than the other four views if they
areconstrainedby the samedisplayspace. Insteadof deforming
a video volume during modeling,we associatethe object with a
spatialtransferfunction, Y : E3 ! E3. Y de�nesasweepingtrans-
formationfor every point p in E3. Y is usedto modify the sam-
pling positionof a scalar�eld A during renderingin the form of
A0(p) = A(Y(p)) . Renderingof aspatialobjectusinga raycasting
algorithmis essentiallya discretesamplingprocessfor evaluating
scalar�elds. With Y , anevaluationof A0at p impliestheevaluation
of A atq = Y(p).



The spatialtransferfunction for the horseshoeview is a semi-
circularsweep.Considerour videovolumeis de�ned in a normal-
izedcoordinatesystemof a domain[0;1]3. Let r =

�
(px � 0:5)2 +

(py � 0:5)2 + (pz � 0:5)2� 1=2 andf = arctan(pz � 0:5; px � 0:5) 2
[� p;p]. Wehave:

qx =

(
2� 4r r 2 [0:25;0:5]
0 r =2 [0:25;0:5]

qz =

(
1� f � p f � 0
0 f < 0

qy = 1� py

[Chenet al. 2003]recentlydemonstratedthatspatialtransferfunc-
tions canbe de�ned asspatialobjects,andthey canbe integrated
into avolumescenegraph[ChenandTucker2000]in thesameway
asconventionalspatialobjects.As V3 is a specialpurposevisual-
izationsystem,wepurposelymoderateits complexity andmemory
consumptionby not equippingit with the facilities for building an
arbitraryscenegraph.Instead,wehavearecon�gurableobjecttree
with a �x edsetof built-in treenodes.For the � ve standardvisual
representationsshown in Figure3,wehave(a)aninternalnodewith
a unionoperator, (b) aninternalnodewith a spatialtransferopera-
tor, (c) aleafnodefor avideoobject,whichavideovolumeand/ora
featurevolumemaybeloadedonto,(d) a leafnodefor aboxframe,
and(e) a leaf nodefor an objectthat de�nes a sweepingfunction
usingasetof scalar�elds. Dependingontheview selectionandthe
requirementof thebox frame,thesystemreorganizetheobjecttree
into oneof thefour optionalcon�gurations(Figure7).
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Figure7: Fourcon�gurationsof objecttreesin V3.

A stream-basedrenderingalgorithm can bene�t video visual-
izationenormously. Videodatasetsandtheir featurevolumescan
be excessively large, containingthousandsof frames. Suchdata
setsnot only consumea hugeamongof memory, but also put a
lot of strainon the renderingspeedlargely dueto memoryswap-
ping. However, in many applications,suchassurveillance,videos
are coming in streamsas imageframes. It is hencedesirableto
starttherenderingprocessassoonasthe�rst framearrives,andto
continuetheconstructionof avisualizationprogressively following
thereceiptof eachnew frame.This strategy is well suitedfor con-
structingsummaryvisualizationsfrom overnightvideorecordings.

With theraycastingmethod,weneedto build bothfront-to-back
and back-to-frontrenderinginto the stream-basedalgorithm, be-
causeof theorderof arriving videoframes.Considerthe� vevisual
representationsin Figure3. The vertical view andthe downward
diagonalview requireback-to-frontray casting,whilst theupward
diagonalview requiresfront-to-backray casting. The horseshoe
view requiresbothmechanisms,with front-to-backon the left and
back-to-fronton the right. Similarly the horizontalview also re-
quiresbothmechanisms.

In general,for anarbitraryview, onemaydeterminetheray di-
rectionfor eachpixel in an initialization stagewherethe ray-box
intersectionis computed. Onemust note that it is possiblefor a

ray to entera horseshoeobjecttwice, if we allow arbitraryviewing
positions.Fortunately, theray castingdirectionwill alwaysremain
the samefor both intersections.However, this observation cannot
begeneralizedto arbitraryspatialtransferfunctions.

For the standardviewing optionsin V3, the ray castingdirec-
tion for eachpixel, and the ray-box intersectionpoints, are pre-
determinedandstoredin a setof system�les. The datais loaded
into a“t-buffer” beforerenderingstarts.Thet-buffer alsomaintains
thecurrentrenderingstatus,includingtheaccumulatedopacityand
color, andthepoint on the ray wherethe last castingpaused.The
algorithmis outlinedbelow:

initialize TBuffer;
NumRenderedPixels := 0;
while NumRenderedPixels < TotalPxels do

wait for new video frames;
for each pixel P do

End := RayCast(TBuffer[P]);
if End = TRUEthen

NumRenderedPixels := NumRenderedPixels + 1;
end-if;

end-for
display intermediate visualization;

end-while;
for each pixel P do

add background color;
end-for;
display final visualization;

With thisstream-basedalgorithm,thesystemneedsonly to keep
a small collectionof “active” framesof an incomingvideostream
andits featurestream(s)in an in-corevolumebuffer asshown in
Figure8. Therenderingof theeachintermediatevisualizationis on
averagelessthan0.2secondona2 GHzPentiumstation.
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Figure8: Dynamicmanagementof thein-corevolumebuffer.

7 Results and Remarks

Referringto thethreecasestudiesmentionedin Section5, wehave
examinedtheeffectivenessof theimagecomparisonmetricsin con-
junctionwith videovisualization.Herewereportaselectionof our
testsand�ndings.

Onecommontaskin videosegmentationis to identify transition
framesin a video andselecta representative imagefor eachseg-
ment.Any automaticalgorithmfor thetaskwill facevariouschal-
lengessuchasblendingbetweensegments,fastcameramovement
and�ash photography. It is mostlikely that its parameterswould
alsorequirefrequentadjustmentsfor differentscenes.Henceerrors
are inevitable. For example,we appliedY-DIF, Y-NMSE andY-
LDD metricsto theTV news video in Figure3 to computeFr , the
relative differencebetweenconsecutive imagesin the video vol-
ume. Figure 9 shows a line graphfor eachmetric depictingthe
meanintensityof every framein Fr . All threemetricshaveresulted



in someerrors,in comparisonwith thetransitionframesdetermined
manually. Verifying the correctnessof sucha processusuallyre-
quires the viewing of the video sequentially, which nevertheless
underminestheadvantagesof usinganautomaticalgorithm.

Figure9: Line graphsdepictingthe change-detectionresultspro-
ducedby Y-LDD, Y-NMSE,Y-DIF, andhumandecision.A visual-
ization(basedon Y-NMSE) of transitionframesandrepresentative
imagescanhelpidentify errorsin thenumericalresults.

Videovisualizationcanprovide aneffective meansto theveri�-
cation,for instance,usingthe3D visualizationin Figure9, which
shows the transitionframes(in the form of � ) identi�ed usingY-
NMSE andrepresentative imagesin individual segments.Thebot-
tom quarterof thevideo is alsodisplayedto offer a visual cuefor
differentsegments.By examiningthevisualization,wecanobserve
someanomaliesthatindicatepossibleerrors.Theseinclude(a) the
sharingof a representative imageby two segments,(b) a possibly
over-segmentedregion featuringsimilar color patterns,and (c) a
missingrepresentative frameafterthe“presenter”segment(cf. the
presenterontheleft). Whenfuturedevelopmentenablesinteractive
navigationthroughsucha visualization,identifying theseerrorsin
videosegmentationwill becomeeveneasier.

In Section5, wehave foundthatY-LDD haveshown to becapa-
bleof detectingobjectchangesin differentilluminationconditions,
andit hasgenerallyperformedbetterthanothermetricswith out-
door images.Y-NMSE wasalsoshown to be reasonablyreliable.
Figures10 shows thevisualizationsof relative andabsolutediffer-
encevolumesof thecarparkvideo,whichwerecomputedusingthe
Y-LDD andY-NMSE metricsrespectively. All thesefeaturevol-
umeswerevisualizedon their own with a color transferfunction,
indicatingthescaleof changes(i.e.,redfor largeintensitychanges,
greenfor mediumandbluefor small).

Thevisualrepresentationsof therelativedifferenceindicatesthe
level of activities duringtherecordingperiod,thatis, movementof
cars.Thesimilarpatternof activitiesareshown in thevisualizations
createdwith bothY-LDD andY-NMSE.In generalafeaturevolume
of relative differencecreatedby Y-LDD may containmorenoise
than that by Y-NMSE asY-NMSE seemsto be moreeffective in

relative,Y-LDD relative,Y-MNSE

absolute,Y-LDD absolute,Y-MNSE

Figure10: Thevisualizationof relativeandabsolutedifferencevol-
umescomputedfrom thecarparkvideosequence.

dealingwith imagestakenin similar lighting conditions.
The featurevolumesshowing absolutedifferencehave resulted

in interestingvisualizations,wherethe sweptlines indicatemany
stationarycarsin mostpartsof the recordingperiod. Sucha visu-
alizationshows the level of usageof thecarpark,with little occu-
pancy in theearlymorning,afull carparkduringtheday, andsome
dynamicactivities in theeveningwhenstaff wereleaving for home
andeveningstudentswerecomingto theuniversity. TheY-NMSE
resultedin a slightly morenoisyvisualization,asit cannotremove
unwantedfeaturessuchasthecriss-crossyellow linesaseffectively
asY-LDD. On thevideo,therewasa majorchangeof theweather
conditionduring the afternoon,and this changeis clearly visible
from both visualizationsA line graphdepictingmeanintensityof
eachframecouldeasilymisinformusof someextraactivitiesor oc-
cupancy. However, in thevisualizations,it is mucheasierto discard
suchchangesastheamorphousgreenpatternsareperpendicularto
thetime line.

We have found that Y-LDD and Y-NMSE did not perform as
effectively asY-DIF for the indoorexperimentalvideos. All visu-
alizationsin Figure1 weregeneratedwith absolutedifferencede-
tectedby Y-DIF. Someinterestingfeaturescanbe identi�ed from
suchvisualizations,oncean observer is accustomedto somereg-
ular patterns.For example,asshown in Figure11(a),after a man
ran up the corridor, somechangesto paperson the noticeboards
remained,andsuchchangeswereshown assweepinglines in the
correspondingvisualization(similar to parked cars). A wavy pat-
tern in Figure11(b)waslargely theresultof thearmmovementof
the lady walking up the corridor. The openingof an of�ce door
alsohasa noticeablepatternasshown in Figure11(c). In fact,one
can�nd a few similar patternsin Figure1, all resultingfrom the
openingof thedooron theleft of thescene.

8 Conclusions

We have describedan approachthat caneffectively “summarize”
a video sequenceand can be deployed to deal with the problem
of rapid explosionof video data. We have shown that video data
canbeprocessedandvisualizedin thesamemannerasothervolu-
metricdata.We have examinedseveral imagecomparisonmetrics,
andhave foundthat in differentcircumstances,someperformbet-
ter thanothers. In well-controlledenvironments,suchasthe ITN
news videoandthe indoorexperimentalvideos,simpleY-DIF can
be usedeffectively to createfeaturevolumes. In more dynamic
conditions,Y-LDD andY-NMSEperformedbetter. With theaidof



(a) changesthatremainfor aperiod.

(b) walkingwith moving arms

(c) dooropening

Figure11: Visualpatternsin thevisualizationsfor theexperimental
videos,wherecorrespondingfeaturesaremanuallyhighlighted.

threesetsof examples,wehaveprovidedthe�rst setof evidencesto
supporttwo of thethreehypothesesoutlinedin Section3, andhave
demonstratedthe usefulnessof video visualizationin applications
suchasvideosurveillance,andvideoprocessingandlabeling.

Our futurework will befocusedonfurtherinvestigationinto im-
agecomparisonmetrics in order to improve the effectivenessof
changedetectionsin outdoorconditions,andthecapabilitiesof de-
pictingmorefeatures.
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