Video Visualization

GarethDaniel

Min Chen

University of WalesSwansealJK

Abstract

Video data,generatedy the entertainmenindustry securityand
trafc camerasyideo conferencingsystemsyideo emails,andso
on, is perhapamosttime-consumingo processy humanbeings.
In this paper we presenta novel methodologyfor “summarizing”
videosequencessingvolumevisualizationtechniquesWe outline
a systempipelinefor capturingvideos,extractingfeaturesyolume
renderingvideo andfeaturedata,andcreatingvideo visualization.
We discuss collectionof imagecomparisormetrics,includingthe
linear dependenceéetector for constructing‘relative” and “abso-
lute” differencevolumesthat representhe magnitudeof variation
betweenvideo frames. We describethe use of a few volume vi-

sualizationtechniquesincluding volume scenegraphsand spatial
transferfunctions, for creatingvideo visualization. In particulay
we presenta stream-basedtechniquefor processingand directly
renderingvideo datain realtime. With the aid of several exam-
ples,we demonstraté¢he effectivenesf usingvideo visualization
to convey meaningfulinformationcontainedn videosequences.

CR Categories: 1.2.10][Arti cial Intelligence]:VisionandScene
Understanding—Wleo Analysis; 1.3.8 [ComputerGraphics]: Ap-
plications;l.4.10[ImageProcessinggnd ComputetVision]: Image
Representation—&lumetric

Keywords: Videovisualization,volumerenderingyideosuneil-
lance,changadetectionjmage-sweptolume.

1 Intro duction

In February2002,it wasreportedthattherewere25 million CCTV
camerasn operatiorworldwide[Wake eld 2002]. In somepartsof
theworld, suchasthe United Kingdom, it is estimatedhaton av-
erageacitizenis caughton securityandtraf c camera800timesa
day Alongwith digital camcordergigitizedmovies,videoconfer
encingandvideoemailsthatarealsomakingtheir waysinto every-
daylife, it is almostcertainthattherewill be a multi-fold increase
in videodatain thecomingyears.

A videois apieceof orderedsequentiatiata,andviewing videos
is a time-consumingandresource-consumingrocess.For exam-
ple, an increasingproblemin the securityindustryis the ratio of
suneillancecamerago securitypersonnel.Imaginethat security
of cers have to review anovernightcollectionof videotapeswvhen
they arrive at their desksin the morning. It is simply not possible
for ary securityof cer to studyalargenumberof videotapesevery-
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day It is hencehighly desirableto develop methodsfor extracting
andhighlightinginterestingfeaturesn videosequences.

Automatedvideoprocessings aresearchopic thatis of signi -
cantimportanceto the securityandentertainmenindustries.There
is arich collectionof techniquegor analyzingmagerydata,andfor
computingvariousstatisticaindicators.However, thereis ageneral
lack of effective techniquego corvey comple statisticalinforma-
tionintuitively to alaypersorsuchasasecurityof cer, exceptusing
line graphsto depict1D signallevels. Most of thetechnique$ave
notreachedsuchanintelligentlevel thatthey canberelieduponto
male decisiongn placeof ahuman.

Figure1: Visualizationof four experimentalvideosbasedon dif-
ferentscenariosnamelywalking, running,mischiefandburglary.



In this paper we presenta novel approachto the handlingof a
very large amountof video data. We proposeto employ volume
visualizationtechniquedor “summarizing” video sequencesand
to rendervideovolumesinto appropriatesisualrepresentationthat
canbe usedto assistin the decisionmakingprocessesf a human
operator For example,every morning,securityof cers canbepre-
sentedvith oneor afew visualizationdor eachsureillancecamera
thathasbeenmonitoringa premiseduringthe previous night. Fig-
ure 1 shaws thevisualizationof four experimentalideosof differ-
entstagedctivitiesthatsimulatesometypical scenariosvhichmay
take placein auniversitybuilding at night. Fromthevisualizations,
one canobsere the levels and patternsof the actiities recorded.
We believe thatsuchvisualizationsancornvey muchmoreinforma-
tion, especiallyspatialinformation,thanafew statisticalindicators
or line graphs. With carefully preparedvisualizations the human
vision system,perhapshe mostintelligent vision system,is able
to becomeaccustomedb certainkindsof “normal” visualpatterns,
andreactto unusualevelsor patternsof activities thatneedfurther
investigation. Videovisualizationcanalsobe usedto assistin pro-
cessingvideos,suchasvideosegmentationandvideoannotation.

Video datais a type of volumedata. Hencethe key to our ap-
proachis thevolumevisualizationtechnologywhich hasbeensuc-
cessfullyand extensiely deplosed in medicalimagingandscien-
ti ¢ visualization.Localizedstatisticalindicatorsof videodatacan
alsoberepresenteadh avolumetricform. Thisconceptuasimilarity
allowsusto utilize somepowerful volumevisualizatiorandvolume
graphicgechniquessuchas,volumetricscenegraphs opacityand
color transferfunctionsandspatialtransferfunctions

In Section2, we will brie y review the previouswork on video
processingfocusingon methodsfor changedetection,andrecent
work on video cuberendering.In Section3, we will proposethree
hypothesesand outline our contritutionsin this context. In Sec-
tion 4, we will considera conceptuabipelinefor capturing,man-
aging,processingrenderingandvisualizingvideos.Wewill brie y
describethe designanddevelopmentof a prototypesystem called
V3 (shortfor Volume Visualizationfor Videos). In Section5, we
will discussvariouswaysfor extracting and creatingfeaturevol-
umes,andwe will focuson severalimagecomparisormetricsfor
detectingchangesn video sequences.This is followed by Sec-
tion 6, wherewe will describehe useof a setof volumemodeling
andrenderingtechniquedor videovisualization.In Section7, we
will presensomevisualizationresultsanddiscusgheeffectiveness
of differentchangedetectiormethoddor presentingisualfeatures
in videovisualizations.We will offer our concludingremarksand
anindicationof futurework in Section8.

2 Related Work

In orderto overcomethe sequentiaandtime-consumingprocesof
viewing video[YeoandYeung1997],anoticeableamountof effort
hasbeenmade,largely by the image processingand vision com-
munity, to devise methodsor processingideodataautomatically
Oneof theresearchocusess chang detection A commongoal
in changedetectionis to ascertainmagedifferenceghatrelateto
objectchangesn a scene [Narasimharet al. 2002] outlinedmary
factors,suchas re ectance,illumination and atmospheriacondi-
tions,which mightcomplicatesuchaprocessA varietyof methods
wereproposedincluding thresholdingRosin 1997], differentim-
agecomparisormetrics[Youngetal. 1999;Zhouetal. 2002], mor-
phological Iters [Stringa 2000], statisticalmodels[Brocke 2002],
combinedaudio-visualanalysis[Tsekeridou et al. 2001], linear
dependencenodels[Durucanand Ebrahimi 2001a; Durucanand
Ebrahimi 2001b], color edge detection[Cavallaro and Ebrahimi
2001], and homomorphic Itering [Toth et al. 2000]. Many re-
searcherstudiedvideo processingn the contet of video suneil-
lance[Collins et al. 2000], for instance ,monitoring crowvds [Yin

etal. 1996],monitoringvehicles[Cutler etal. 1999],andrecogniz-
ing pedestrian§vannoorenbgheetal. 1997].

However, two problemsremainin automaticvideo processing:
(i) How will the results of video processing,such as detected
changesbe communicatedo humanoperators?Statisticalresults
are not easily comprehensiblewhile sequencesf differenceim-
agesagain requiresequentialiiewing. (i) How reliablewill these
automatictechniquesein differentcircumstancest is generally
dif cult to develop an automaticvideo processingechniquethat
canadaptto differentsituationswith little or no calibration.

An alternatve approachs to help usersobtainan overviewv of
avideo by extractinginterestinginformationfrom video data,and
presentthe informationto usersin a meaningfulway. One sug-
gestionwas to usebrowsing techniquedor viewing a video like
ipping througha book[Yeo andYeung1997]. A numberof re-
searchersoticedthe structuralsimilarity betweenvideo dataand
volume data commonly seenin medical imaging and scienti ¢
computation. For the latter, thereis a large collection of meth-
ods[LorensenandCline 1987; Levoy 1988]thatenable3D infor-
mationin avolumetricdataseto be selectvely renderednto asin-
gle2D image.Attemptsweremadeto rendervideosasinter-related
imageframesby [HertzmannandPerlin2000],andasvolumedata
setshy [Klein etal. 2002]. Both focusedon non-photorealisticen-
deringfor creatingan artistic visual experience,and both treated
videosas solid video cubesor cuboids Therewasalso a recent
reporton aninitial investigation, in the context of sign language
analysis,into the volumetricrepresentationf objectmovementin
asimplevideosequencgHajek 2002].

3 Our Hypotheses and Contributions

Consideringvideovisualizationasa new scienti ¢ subjectwe pro-
posethefollowing threehypotheses:

1. Video visualizationis an (i) intuitive and (ii) cost-efective
meanf processindarge volumesof video data.

2. Well constructedvisualizationsof a video are able to shav
informationthatnumericalandstatisticaindicators(andtheir
conventionaldiagrammatidllustrations)cannot.

3. Userscanbeaccustomedo visualfeaturesdepictedin video
visualizationspr canbetrainedto recognizespeci c features.

To ascertairthesehypothesesvill no doubtrequirea substantial
amounf scienti ¢ investigationandtechnicadevelopment As no
previouswork on this subjectwasfoundin the literature,we hope
this paperwill sene asabrave path- nder. Our maincontritutions
include:

We have initiated an original investigation into the subject,
andoffereda generalsolutionby utilizing volumevisualiza-
tion techniquesfocusingon differencevolumes,spatialand
opacitytransferfunctions,andstream-basecendering.

We have designedand implementeda video visualization
pipelineby integratinga collectionof techniquesandwe have
demonstratedhatit is technicallyfeasibleto offer video vi-
sualizationas a practicaltool to applicationssuchas video
suneillanceandvideosegmentation.

We have conductedseveral casestudies,including television

programmesand indoor and outdoorvideo sequencesThe

resultsof thesestudieshave providedthe rst setof evidences
to supporthypothesegl) and(2).

For thethird hypothesiswe believe thatsomecomprehensie user
studiesarenecessarybut we arecon dentaboutthelikelihoodof a
positive conclusion.



4 Video Visualization Pipeline

A videovisualizationpipelineis adata o w pipeline,consistingof
a seriesof functionalcomponentsnamelyvideocaptue ) data
communicatio) datamangiement) videoprocessing video
visualization Eachcomponenimayaccommodatarangeof mech-
anismsandtechniquesFor example,thevideo capturecomponent
may capturevideosfrom a setof securitycamerasor beatool that
recevesvideoemails.Thevideoprocessingomponentmayhouse
acollectionof imageprocessingechniquesndstatisticaimethods.
V3 — Wblume Visualizationfor Videos— is a prototypesystem
designedo demonstratéhetechnicalfeasibility of suchapipeline.
Its primarydesignobjectiveis to facilitatequickanalysisof recently
archvedvideodata,suchasin thesecurityindustry throughtheuse
of volumevisualization. This objective is re ected stronglyin the
designof the V3 systemarchitectureanduserinterface(Figure?2).
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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 camerashatcanbeinteractively controlled(e.g.,EVI-D31/B
Sory video cameras).The imagerydatacapturedby the cameras
are combinedby, and transportedhrough,an MV87 Quadbox,
with which anindividual or combinedview canbe selectedat the
controlcenter Themainsoftwaresystenof V2 is expectedo bein-
stalledin a controlcenter whereuserscaninteractiely controlthe
remotecamerasselectviews, settingup recordingprocessesand
mostimportantly“visualizing” the captureddatain mary forms.

There are three major algorithmic modulesin the software
framavork of V3, namelyfeatue processor statistical analyzer
andvolumerendeer. The featureprocessomoduleconsistsof a

numberof imageprocessinglters andimagecomparisormetrics.
The moduletakesthe raw imagerydataasinputs, and generates
appropriateoutputsfor the statisticalanalyzerandvolumerenderer
modules.Thestatisticalanalyzetakesinputsfrom thefeaturepro-
cessomoduleandproducesiumericalstatisticalindicators,which
arethenforwardedto thevisualizationmodulewherethe statistical
indicatorsarepresente@s2D charts(suchasline graphs).Thevol-
umerenderemodulehandlesonly volumetricdata,whichincludes
theraw videodataaswell asthatgeneratedby thefeatureprocessor
module. This modulardesigngivesusthe e xibility to replaceex-
isting metrics, lters andalgorithms,andaddnew ones,wheneer
necessary

Oneof thedesignobjectivesof V2 is to provide novice userswith
someintuitive but powerful visual representationthat facilitate a
quick decision-makingprocess. After having experimentedwith
mary visual designs,we selected ve representationas standard
optionsin V2 for thedefault displayasshawvn in Figure3.

Figure3: A videois avolumetricobject.V3 provides ve standard
visualrepresentationsf avideoobject.

The Microsoft Visual C# .NET developmentervironmenthas
beenusedto implementthe main software componentsof V3,
thoughmary lters, metricsandalgorithmswere rst implemented
in C andtestedn aLinux ervironment.

5 Creating Feature Volumes

where all imagesare normally of the sameresolutionxn yn.
HenceV canbe consideredas a collection of voxelsthat are or-
ganizedinto a 3D regulargrid as:

V=fvil x xnl y ynl t tng

Eachvoxel v is addressedy its grid coordinategx; y;t), andis as-
sociatedvith oneor morescalarvaluesrepresentingmageryprop-
ertiessuchasintensityandcolor componentsln volumevisualiza-
tion, sucha structureis commonlyreferredto asa volumedataset



3D rasteror avolumebuffer. Becausehe temporaldimensiort is
of adifferentnaturefrom that of the spatialdimensions< andy, V
shouldnormally be manipulatedas an anisotropicgrid, wheneaer
the spacingbetweemeighboringvoxelsis a matterof interest.

The primary objective of video visualizationis to extractmean-
ingful information from original video datasets,i.e., solid video
cuboids.In principle,the extractedinformationcanberepresented
usingary datatype. In the contet of this work, we concentrateur
discussion®n information that is suitedto volumetric represen-
tations. We corveniently call a volumetricrepresentatiomf such
extractedinformationa featule volume

GivenanRGB videovolumeV, afeaturevolumeF canbecon-
structedusinga lter asF = Q(V). In generalsucha Iter may
operateon a sub-domainof V, and generatea sub-domainof F.
Someexample Iters consideredn thiswork include:

color spacecorverters — Each Iter corvertsavideovolume
in the RGB spaceo thatin analternatve color spacesuchas
YIQ andHSV.

opacity lter s— Each Iter createsanopacityfeaturevolume
that highlights or de-highlightsparticularcomponentf an
RGB volume. Figure4 shaws a visualizationsupportedby
sucha lter thatdetermineghe opacity of eachvoxel based
on the huevaluesandedgepropertiesn a smallwindow as-
sociatedwith thatvoxel.

changedetectionlter s—Each Iter typically createsfeature
volumethatrepresentthemagnitudeof temporakhangesn a
videovolumeV. Thisis thefocusof thefollowing discussions
in therestof this section.

Figure4: Theapplicationof anopacity lIter.

We have consideredwo typesof temporalchangeshamelyrel-
ativedifferencebetweerconsecutie imagesn V:

andabsolutdlifferencebetweerareferencdrameR andeachframe
inV:

whereF, andF; arethe correspondindgeaturevolumes,andD is
animagecomparisormetric thatreturnsa grey-scaleimagerepre-
sentingthe magnitudeof changesetweentwo input images. F;
typically givesanindicationof the paceof movementor changes,
andfor instance,t canbe usedto depictthe boundarieetween
differentsegmentsin a TV news programmeandthe speedof cars
onaroad. F; usuallygivesa goodindicationof the scaleof occu-
pang, suchasthe sizeof a pedestriarcrond in a shoppingcenter
We will further examinethe useof thesetwo typesof featurevol-
umeswith someexamplesjn Section?.

Thereis alargecollectionof imagecomparisometricsin thelit-
eraturelYoungetal. 1999;Zhouet al. 2002]. We have studiedthe
effectivenesf severalimagecomparisormetricsin the context of
anumberof casestudiesthreeof whicharediscussedh this paper
They are(i) ashortTV news programmeof 1262framesrecorded
from a terrestrialbroadcas(Figure 3), (ii) a setof indoor experi-
mentalvideos,eachof 90 secondgnd1770frames(Figurel), and
(iii) a1l2-houroutdoorsuneillancevideoof auniversitycarparkof
662 frames(Figure5). All framesareof the sameresolution,i.e.,
352 288.

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

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

Figure5: Fourimagesextractedfrom anoutdoorsureillancevideo
of a carpark. ImageB will be usedasa referencemagein com-
putingabsolutedifferencesn Figure6.

All our imagecomparisormetricshave a built-in RGB-to-YIQ
converter They take RGB imagesasthe inputs,but computesif-
ferencein the Y1Q space pftenusingonly the luminancechannel
Y. In orderto differentiatethe effectivenesf video visualization
in depictingfeatuesto uses, andthatof computervisionin iden-
tifying featuresfor uses, it is importantto considersomelessso-
phisticatedpr algorithmicallytrivial metrics. Amongmary metrics
studied four have beenfoundinteresting.They are:

Y-DIF(I4;1,) — simpledifferencemetric— It takestwo input
images,l; andl,, and computesa grey-scaleoutputimage
O whereeachpixel representthelineardistancebetweerthe
Y-valuesof two correspondingixelsin I, andl, respectiely.

Y-NMSE(l,;1,) —normalizedneansquaederror metric—In-
steadof thelineardistancejt computeghe squaredlistance
(i.e., error) betweerthe Y valuesof eachpair of correspond-
ing pixels. The nameof the metricis inheritedfrom the cor
respondingstatisticalindicatorthatcalculateghe meanof the
squarecerrorsof all pairsof pixelsin two images.In addition,
the Y-componenbf eachinputimageis normalizedbasedn
its mearnvalueandstandardieviation prior to thecomputation
of meansquarecerrors.This mayreducetheluminousdiffer-
encecausedy differentlighting andatmosphericonditions.

1Q-DIF(l;:1,) — color differencemetric— It computeshean-
gle betweerthelQ vectorsof thetwo correspondingixelsin
I, andl,, andsetsthe correspondingixel valuein O to the
angle. It givesaresultsimilar to thatobtainedoy computing
thehuedifferencein theHSV space.



Y-LDD(l4;1,) —linear dependencdetector(LDD) — We use
the improved version proposedby [Durucanand Ebrahimi
2001b].Thisis anillumination invariantchangedetectorand
it examinesthe changesrom areferencémageR = |, to an-
otherimagel, usinga smallwindow. Givenak k window
centeredat (x;y), for eachof thetwo inputimageswe place
the Y valuesof all pixels in the window into a vector, that
is, vectorM = (m;;m,;:::) forimagel,, andN = (n;;n,;::2)
for R. We normallyincreaseghevaluesin M andN by oneto
ensureno zerocomponents in eithervector Basedontheal-
gebraicpropertiesof thetwo vectors thelevel of dependence
betweerthetwo vectorscanbe measuredby:
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Whenc= 0, Y-LDD detectsrochangeswhenc< 0, it detects
illumination changeswhenc > 0, it detectsotherchanges,
includingobjectchanges.

Figure 6 shows the applicationof the above four metricswhen
comparingimagesin Figure5. As imageB representan empty
car parkin areasonablygoodlighting condition,it is chosenasa
referencamage. ImagesA, C andD were chosenasthey exhibit
differentlevels of actvities anddifferentlighting conditions. The
valuerangesof all resultanimageshave beenre-mappedo the [0,
255] domainfor maintaininga fair comparisonn the evaluation.
All resultanimageshave beeninvertedfor clearerprinting. Hence,
in Figure6, the darker the color is, the higherthe 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 are comparedwith the
referencamage,B, usingfour differentmetrics.

Fromall three gures, we canseethat|Q-DIF doesnot perform

aswell aswhatonewould expect. This is partially dueto the fact
thatall imageswere JPEG-compressdal theimagecapturingde-
vice. The compressiorseemso be optimizedfor luminanceat the
costof redistributing colorswithin smallregionsacrossheimage.
IQ-DIF is alsonot so effective whenhandlingnoisein a video se-
quence.lt performedpoorly whenit wasappliedto the TV news
programmeecordedrom terrestrialbroadcast.

Y-DIF seemgo beaffectedbadlyby thelighting conditions,and
hasa lot of dif culties in distinguishingobjectchangesrom lu-
minancechanges.Y-NMSE hassubstantiallyreducedhe level of
falsedetectionof changeshut it suffers from the fact that global
normalizationis in uenced by dynamicchangesuchasthe move-
mentof carsandof ce lights,in thesceneln otherwords,it is not
ableto maintaina consistentorrectionof lighting conditions.For
Y-LDD, weuseda3 3window for theabovetests.lt hasshavnits
effectivenessn illumination-invariantchangedetection.The criss-
crossyellow lines paintedon the groundis hardly detectedn all
threeresultantimagesof Y-LDD. The pixel valuesof the images
returnedby Y-NMSE andY-LDD arenormally very low. Appro-
priatere-scalingis thusnecessaryprior to the generatiorof output
images.In practice,it is essentiato applya constanscalingfactor
for anentirevideosequence.

6 Rendering Video/F eature Volumes

A video volume and its associatedfeature volume(s) can be
treatedexactly as corventional volume data setsduring rendef
ing. From such data sets,we can constructa spatial object o,
which is composedof a set of geometrically-boundeattribute

setof all realnumbersandE3 denote3D Euclideanspace.Each
attribute eld is ascalareld functionA: E3! R. A typical raw

RGB video datasetis thusa discretespeci cation of a spatialob-

jectwith threeattribute elds, namelyred,greenandbluechannels.
Its boundingboxin effectde nesasolid videocuboid,andits vol-

ume contentsde ne a solid texture. In V3, eachspatialobjecto

is de ned with four attribute elds, (O;R;G;B), namelyopacity

red, greenandblue. For example,the spatialobjecto shovn in

Figure3is in factassociateavith a uniform, fully opaqueppacity
eld within theboundingvolume.

Opacityandcolor transferfunctions(which areoftenreferrecto
simply astransferfunctions)are an intrinsic part of volumevisu-
alization. We may usecolor transferfunctionsto indicatedifferent
magnitudeof changessin Figure 1, wherered depictsa higher
level of changedetectedand greendepictsa lower level. In this
casethe color elds of eachspatialobjectis de ned upona fea-
ture volume. We may useopacitytransferfunctionsto remove or
de-highlightpartsof a spatialobject. As shavn in Figure 4, we
canassigna featurevolumeto the opacity eld of a spatialobject,
which turnsthe partswith blue as the dominantwavelengthinto
translucenmorphousnatter In the visualization,it is noticeable
that the blue backgroundbehindthe newscastehasalmostdisap-
pearedrom thevideovolume.

A techniquecalledimage-swepwolume[WinterandChen2002]
hasbeenemplg/edto facilitatethe horsesho&iew, which in gen-
eral corveys more information than the other four views if they
are constrainedoy the samedisplay space. Insteadof deforming
a video volume during modeling, we associatehe object with a
spatialtransferfunction Y : E3! E3. Y de nesasweepingrans-
formationfor every point p in E3. Y is usedto modify the sam-
pling positionof a scalar eld A during renderingin the form of
Adp) = A(Y (p)). Renderingof a spatialobjectusinga ray casting
algorithmis essentiallya discretesamplingprocesdor evaluating
scalarelds. With Y, anevaluationof A?at p impliestheevaluation
of Aatg= Y(p).



The spatialtransferfunction for the horseshoeiew is a semi-
circularsweep.Considerour videovolumeis de nedin a normal-
ized coordinatesystemof adomain[0; 1]3. Letr = (px 0:5)2+

(py 05)2+ (p, 05)? 22 andf = arctarfp, 0:5:pc 0:5) 2
[ p;p]. Wehave:

( (
_ 2 4 r2]0:250:5] 1 f p f O
= 9 r2[02505 ~¥T 0 f<0
=1 py

[Chenetal. 2003]recentlydemonstratethatspatialtransferfunc-
tions canbe de ned asspatialobjects,andthey canbe integrated
into avolumesceneggraph[ChenandTucker 2000]in thesamewvay
ascorventionalspatialobjects. As V2 is a specialpurposevisual-
izationsystemwe purposelymoderatdts compleity andmemory
consumptiorby not equippingit with the facilities for building an
arbitraryscenegraph.Insteadwe have arecon gurableobjecttree
with a x ed setof built-in treenodes.For the ve standardvisual
representationshavn in Figure3, we have (a) aninternalnodewith

aunionoperatoy (b) aninternalnodewith a spatialtransferopera-
tor, (c) aleafnodefor avideoobject,whichavideovolumeand/ora
featurevolumemaybeloadedonto, (d) aleafnodefor aboxframe,
and(e) a leaf nodefor an objectthatde nes a sweepingfunction
usingasetof scalarelds. Dependingontheview selectiorandthe
requiremenbf thebox frame,the systenreoiganizethe objecttree
into oneof thefour optionalcon gurations(Figure7).

@ union e

video

video frame

spatial transfer

union spatial transfer °

sweeping object video

sweeping object

video frame

Figure7: Four con gurationsof objecttreesin V3.

A stream-basedenderingalgorithm can bene t video visual-
ization enormously Video datasetsandtheir featurevolumescan
be excessiely large, containingthousandsf frames. Suchdata
setsnot only consumea hugeamongof memory but also put a
lot of strainon the renderingspeedargely dueto memoryswap-
ping. However, in mary applications suchassuneillance,videos
are comingin streamsasimageframes. It is hencedesirableto
starttherenderingprocessassoonasthe rst framearrives,andto
continuethe constructiorof avisualizationprogressiely following
thereceiptof eachnew frame. This stratey is well suitedfor con-
structingsummaryvisualizationsrom overnightvideorecordings.

With theray castingmethod we needto build bothfront-to-back
and back-to-frontrenderinginto the stream-basedlgorithm, be-
causeof theorderof arriving videoframes.Considetthe vevisual
representations Figure3. The vertical view andthe downward
diagonalview requireback-to-frontray casting,whilst the upward
diagonalview requiresfront-to-backray casting. The horseshoe
view requiresboth mechanismsyith front-to-backon the left and
back-to-fronton the right. Similarly the horizontalview alsore-
quiresbothmechanisms.

In generalfor anarbitraryview, onemay determinetheray di-
rectionfor eachpixel in aninitialization stagewherethe ray-box
intersectionis computed. One mustnotethatit is possiblefor a

ray to entera horseshoebjecttwice, if we allow arbitraryviewing

positions.Fortunately theray castingdirectionwill alwaysremain
the samefor both intersections.However, this obseration cannot
be generalizedo arbitraryspatialtransferfunctions.

For the standardviewing optionsin V3, the ray castingdirec-
tion for eachpixel, and the ray-box intersectionpoints, are pre-
determinedandstoredin a setof systemles. Thedatais loaded
into a“t-buffer” beforerenderingstarts. Thet-buffer alsomaintains
thecurrentrenderingstatusjncludingtheaccumulate@pacityand
color, andthe point 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 this stream-basedlgorithm,the systenneedsonly to keep
a small collectionof “active” framesof anincomingvideo stream
andits featurestream(s)n anin-core volume buffer asshown in
Figure8. Therenderingof theeachintermediatevisualizationis on
averagdessthan0.2 secondn a2 GHz Pentiumstation.

out|out|ouf *** out out‘out‘ in due|due *** due|due|due

| in-core
olume buffer
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L

Figure8: Dynamicmanagemenf thein-corevolumebuffer.

7 Results and Remarks

Referringto thethreecasestudiesmentionedn Section5, we have
examinedheeffectivenesof theimagecomparisommetricsin con-
junctionwith videovisualization.Herewe reporta selectiorof our
testsand ndings.

Onecommontaskin video sggmentatioris to identify transition
framesin a video and selecta representate imagefor eachseg-
ment. Any automaticalgorithmfor thetaskwill facevariouschal-
lengessuchasblendingbetweerseggments fastcameramovement
and ash photograpl. It is mostlikely thatits parametersvould
alsorequirefrequentadjustmentsor differentscenesHenceerrors
areinevitable. For example,we appliedY-DIF, Y-NMSE and Y-
LDD metricsto the TV news videoin Figure3 to computeF;, the
relative differencebetweenconsecutie imagesin the video vol-
ume. Figure 9 shaws a line graphfor eachmetric depictingthe
meanintensityof every framein F,. All threemetricshaveresulted



in someerrors,in comparisowith thetransitionframesdetermined
manually Verifying the correctnes®f sucha processusuallyre-
quiresthe viewing of the video sequentially which nevertheless
undermineshe advantage®f usinganautomaticalgorithm.

Figure9: Line graphsdepictingthe change-detectioresultspro-
ducedby Y-LDD, Y-NMSE, Y-DIF, andhumandecision.A visual-
ization (basedn Y-NMSE) of transitionframesandrepresentatie
imagescanhelpidentify errorsin thenumericalresults.

Videovisualizationcanprovide an effective meango the veri -
cation,for instance usingthe 3D visualizationin Figure 9, which
shaws the transitionframes(in the form of ) identi ed usingY-
NMSE andrepresentate imagesin individual segments.The bot-
tom quarterof the videois alsodisplayedto offer a visual cuefor
differentsggments By examiningthevisualizationwe canobsene
someanomalieghatindicatepossibleerrors. Theseinclude(a) the
sharingof a representatie imageby two segments,(b) a possibly
over-sggmentedregion featuring similar color patterns,and (c) a
missingrepresentatie frameafterthe “presenter’sggment(cf. the
presenteontheleft). Whenfuturedevelopmenenablesnteractve
navigationthroughsucha visualization,identifying theseerrorsin
videosegmentatiorwill becomesveneasier

In Section5, we have foundthatY-LDD have shaovn to be capa-
ble of detectingobjectchangesn differentillumination conditions,
andit hasgenerallyperformedbetterthanothermetricswith out-
doorimages. Y-NMSE wasalsoshovn to be reasonablyeliable.
Figures10 shows the visualizationsof relative andabsolutediffer-
encevolumesof thecarparkvideo,whichwerecomputedisingthe
Y-LDD andY-NMSE metricsrespectiely. All thesefeaturevol-
umeswerevisualizedon their own with a color transferfunction,
indicatingthe scaleof changedi.e.,redfor largeintensitychanges,
greenfor mediumandbluefor small).

Thevisualrepresentationsf therelative differencendicateshe
level of actiities duringtherecordingperiod,thatis, movementof
cars.Thesimilarpatternof actiitiesareshovn in thevisualizations
createdvith bothY-LDD andY-NMSE.In generahkfeaturevolume
of relative differencecreatedby Y-LDD may containmore noise
thanthat by Y-NMSE as Y-NMSE seemsto be more effective in

relative, Y-LDD relative, Y-MNSE

absoluteY-LDD absoluteY-MNSE
Figurel0: Thevisualizationof relative andabsolutedifferencevol-
umescomputedrom the carparkvideosequence.

dealingwith imagestakenin similar lighting conditions.

The featurevolumesshaving absolutedifferencehave resulted
in interestingvisualizationswherethe sweptlines indicatemary
stationarycarsin mostpartsof the recordingperiod. Sucha visu-
alizationshaws the level of usageof the car park, with little occu-
pang in theearlymorning,afull carparkduringtheday andsome
dynamicactvitiesin the eveningwhenstaf wereleaving for home
andeveningstudentsverecomingto the university The Y-NMSE
resultedin aslightly morenoisyvisualization,asit cannotremove
unwantedfeaturesuchasthecriss-crosyellow linesaseffectively
asY-LDD. Onthevideo,therewasa major changeof the weather
condition during the afternoon,and this changeis clearly visible
from both visualizationsA line graphdepictingmeanintensity of
eachframecouldeasilymisinformusof someextraactiities or oc-
cupang. However, in thevisualizationsit is mucheasietto discard
suchchangesstheamorphougreenpatternsareperpendiculato
thetime line.

We have found that Y-LDD and Y-NMSE did not perform as
effectively asY-DIF for the indoor experimentalvideos. All visu-
alizationsin Figure 1 were generatedvith absolutedifferencede-
tectedby Y-DIF. Someinterestingfeaturescanbe identi ed from
suchvisualizations,oncean obserer is accustomedo somereg-
ular patterns.For example,asshavn in Figure 11(a),aftera man
ran up the corridor, somechangeso paperson the noticeboards
remained and suchchangesvere shavn assweepinglinesin the
correspondingisualization(similar to parked cars). A wavy pat-
ternin Figure11(b)waslargely the resultof the arm movementof
the lady walking up the corridor  The openingof an of ce door
alsohasa noticeablepatternasshavn in Figure11(c). In fact,one
can nd afew similar patternsin Figure 1, all resultingfrom the
openingof thedoorontheleft of thescene.

8 Conclusions

We have describedan approachthat can effectively “summarize”
a video sequencend can be deplosed to deal with the problem
of rapid explosion of video data. We have shown that video data
canbe processe@ndvisualizedin the samemannerasothervolu-
metric data. We have examinedseveralimagecomparisormetrics,
andhave foundthatin differentcircumstancessomeperformbet-
ter thanothers. In well-controlledervironments,suchasthe ITN

news video andthe indoor experimentalvideos,simple Y-DIF can
be usedeffectively to createfeaturevolumes. In more dynamic
conditions,Y-LDD andY-NMSE performedbetter With theaid of



(a) changeghatremainfor a period.

(b) walking with moving arms

(c) dooropening

Figurel1l: Visualpatternsn thevisualizationdor theexperimental
videos,wherecorrespondindeaturesaremanuallyhighlighted.

threesetsof exampleswe have providedthe rst setof evidencego
supporttwo of thethreehypothesesutlinedin Section3, andhave
demonstratethe usefulnes®f video visualizationin applications
suchasvideosurwillance,andvideoprocessingndlabeling.

Ourfuturework will befocusedon furtherinvestigationinto im-
age comparisonmetricsin orderto improve the effectivenessof
changedetectionsn outdoorconditions,andthe capabilitiesof de-
picting morefeatures.
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