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Videopsy:DissectingVisual Datain Space-ime

JanuszZKonrad,SeniorMembey IEEE

Abstract— Network camera, made possibleby recentadvances
in the integration of sensing,compressionand communication
hardware, is a new video source that can be easily deployed
and remotely managed. Unobtrusively located along highways,
at airports or in of ce buildings such camerascan form a visual
sensor network, or camera web, an extremely rich source of
visual information. In its infancy today, cameraweb deployment
will likely acceleratein the future and one can expect visual
sensing devices to eventually become as ubiquitous as electric
bulbs. While the capturing hardware has evolved tremendously
hardware and algorithms necessaryfor effective analysis and
ef cient communication of multi-camera data clearly lag. In this
paper, | overview one particular aspectof visual data analysis,
namely space-timevideo segmentationthat is often a pre-requisite
for motion estimation, video compression,event detection, scene
understanding, etc. | intr oducethe conceptof objecttunnel, a 3-D
surface in space-timethr ough which a video object travels, and
the associatedconceptof occlusionvolume | presentexamplesof
object tunnels and occlusion volumes on surveillance data that,
upon further processingmay leadto automatic event detectionor
sceneunderstanding. Finally, | describe challengesin extending
video analysisalgorithms to visual sensornetworks, and | outline
someapproachespossible.

I. VISUAL INFORMATION OVERLOAD

S incandescentight bulbs made way into home and

streetlighting at the turn of XX-th century video cam-
erastodayarebecominga moreandmorecommonsightalong
highways, at airportsand in of ce buildings. Someof them
are quite obvious dueto the size and enclosurewhile others
are quite inconspicuous.

Although the use of camerasfor security and suneil-
lance applicationsis not new, until recently analag video
cameas (outputting analogNTSC or PAL signal) were the
only option. However, advancesin sensing,compressiorand
communicationhardware are rapidly changingthis picture.
Very small, exible and relatively inexpensve digital video
cameansproducinggoodquality visualdataareavailabletoday
from a numberof manufcturers.The size, quality and price
are, however, not the most importantfactorsin the acceler
ating deployment of video camerastoday Perhapsthe most
importantfactoris theembeddingf communicatiorhardware,
especiallyof the wirelesskind, into the cameraeadingto the
so-callednetworkcamer. Comparedo their analogkin, dig-
ital video cameraswith wirelessinterface(e.g.,IEEE 802.11)
requireonly power, availableon ary highway lamp postor in
ary of ce ceiling or wall. If wirelesscommunicationss not
an option (e.g., due to interference)mary camerassupport
the IEEE 802.3 protocol and can be easily networked as
well as powered over Ethernetwiring. Today mary analog
camerafrebeingcorvertedto network camerady shortening
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the analog video feed and installing analog/IP corversion
systems.Another very importantdriver behind digital video
camergoroliferationis camerae xibility . All network cameras
are equippedwith signi cant computingcapacityneededfor
video compressiorand/ormanipulationby the user(pan, tilt,
zoom-in/zoom-out)The availablecomputationatesourcesre
beginning to be usedfor new functionalities,suchas motion
detectionto trigger an alert or to recordvideo. This camera
“intelligence” and accessto cameracontrols, unavailable in
analog camerasallow network camerasto be usedin new,
innovative, althoughpotentially intrusive, ways.

As the computing power available in network cameras
increasesmore complex tasks,than simple motion detection,
can be ervisaged.For example, motion-based/ideo sgmen-
tationis moreinvolved computationallythanmotion detection
but resultsin a richer data set that may sere more diverse
needs.Followed by motion trajectory analysisit can lead to
automatic event detection and sceneunderstandinglt can
be also used for efcient video communicationby means
of region-basedvideo compression[1], [2]. A particularly
powerful generalizatiorof motion-basedideo segmentatioris
videosggmentatiorin space-timei.e., simultaneouseggmenta-
tion of imagesequencén horizontal-ertical-timecoordinates.
Simultaneouslyaccountingfor mary frames of video data,
this approachpermits “seeing through video” or videopsy
(video autopsy),a new mode of video data analysis.In the
next section,| describean approachto videopsy basedon
variationalformulationandlevel-setsolution;otherapproaches
are possibleaswell.

Although dissectingan image sequencen space-timepro-
vides new insightsinto single cameras eld of view, gen-
eralizationof videopsyto multiple cameraswith overlapping
elds of view is not obvious. How to formulate collabora-
tive videopsy i.e., space-timevideo sggmentationaccounting
for neighbor cameras'data? How to develop collaboratve
videopsyundercommunication(inter-cameradataexchange),
complity and power constraints?Finally, how to extend
videopsyto 4-D analysis,i.e., 3-D spaceplustime?| discuss
thesechallengesand outline somepossiblesolutionstowards
the end of the paper

Il. TODAY'S SOLUTIONS TO VIDEO SEGMENTATION

Sgymentationof a video sequencds a processof parti-
tioning its domain into classes,with each class obeying a
particularvisual characteristictemporalor spatial. Tempoal
video segmentationis concernedwith grouping frames of
a video sequenceaccordingto their time relationship, for
example framesbelongingto the samescene the sameshot,
etc. Usually temporal video segmentationis accomplished
by detecting dissimilar neighboring frames (shot or scene



boundariesjatherthansimilar ones.Usedextensvely in video
editing, video summarization,video databasemanagement,
temporal video segmentationis less critical for video com-
pressionor suneillance,topicsof concernin this paper

Spatial video sggmentationaims at groupingpixels accord-
ing to their spatial relationship, for example pixels in the
sameobject,pixelsin the backgroundpixelsmoving similarly,
etc. In practice, spatial video segmentationis accomplished
either by detecting dissimilar pixels (luminance and color
gradientstexture discontinuity motion discontinuity),known
as boundary-basednethods[3], [4], or by detectingsimilar
pixels (luminancesimilarity, color similarity, texture consis-
teng, motion consisteng), known as region-basedmethods
[5], [6]. Dueto scenedynamicscapturedin video sequences,
the most interestingqueuefor spatial video segmentationis
motionwhile luminanceandcolor usuallysene asaccessories.
Note, that althoughmotion (displacementyelocity) is a time-
dependentonceptijt is the motion's spatialconsisteny thatis
of interestin spatialvideo segmentation.From the myriad of
motion-basedspatial) video segmentationmethods, x ed- or
variable-thresholdietection,region growing, split-and-mege
(quad-tree) Markov random eld (MRF), and active contour
methodsare mostcommon(7].

A logical extensionis to considerspatialandtemporalvideo
characteristicsimultaneouslythusleadingto spatio-tempaal
video segmentation In this case,spatialand temporalvisual
propertiesare consideredboth spatially and temporally for
example both spatial and temporal variation of luminance,
and also spatial and temporal variation of motion. One of
the traditional approachego spatio-temporalideo segmen-
tation is to detectmotion of an objectin the initial frame,
delineateobject boundariesand then track thoseboundaries
in subsequentframes. This multi-step approachhas been
recently giving way to methodsconsideringspaceand time
jointly ratherthan sequentially Suchmethodsare,in a sense,
three-dimensional3-D) sincethe segmentationoccursin the
spaceof horizontal,verticalandtemporalcoordinategx-y-t),
as illustrated in Fig. 1. In particular spatio-temporalideo
segmentation methods consider at least two video frames
at a time, and often mary more. As in spatial video sey-
mentation,one class of spatio-temporalvideo segmentation
methodscentersaroundthe principle of pixel similarity. As
this similarity occursin 3-D space,and same-clasgixels
form 3-D structuresmethodsin this groupare calledvolume-
basedmethodswith someexamplesbeing3-D MRF methods
[8], “video-cube”segmentatiorbasedon marker selectionand
volumegrowing [9], and3-D extensionof adiscretizedsersion
of the Mumford-Shahfunctional [10].

More recently spatio-temporaVideo segmentatiorbasedon
active surfaces(extensionof 2-D contoursto 3-D surfaces)
hasemepged as an alternatve. In its boundary-basedariant,
a 3-D surfaceis soughtthat passedetweendissimilar pixels
in the x-y-t spacethus sepaating the pixels into different
classes.On the other hand, volume-basedspatio-temporal
video sggmentationmethodsseekall similar, in somesense,
pixelsin the x-y-t spacesothata 3-D surfacecanencompass
them, effectively groupingthe pixels into a single class.One
example of similarity measureused acrossas mary as 50
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Fig. 1. Graphicaldepictionof objecttunnelin x-y-t space.

framesis samplevarianceof intensityalongmotion trajectory
[11]; the smaller the variance,the more similar the pixels
along the motion path. In general,the de nitions of pixel
similarity/dissimilarity dependon the applicationervisaged.

In either approach,boundary-or volume-basedthe nal
outcome soughtis a 3-D surface encompassingbject po-
sitions through time, known as object tunnel (Fig. 1) [11].
Although, in principle, such a tunnel could be computed
using spatial video segmentation,by assemblingsegments
that outline the objectin eachframe, the resultwould likely
be inconsistentin time (spatial video sggmentationdoesnot
accountfor temporalrelationships)The temporalconsisteng
of the objecttunnel (and its other properties),howvever, can
be easily controlledin spatio-temporalideo segmentationby
suitablemodel selection.

Two essential models neededin active-surfice spatio-
temporalvideo segmentationare: surface model and spatio-
temporalsimilarity/dissimilaritymodel. Thesetwo modelsare
typically embeddednto anenegy functionalEp; + Eox; under
minimization, where B, is an internal enegy expressing
active-surficecharacteristicge.g.,its smoothness)while Eqy
is an externalenegy relatingthe active surfaceto video data.
Both are describedhext.

A. Active-surfacanodel

Theactive-surhicemodel,alsoknown asdeformable-sugce
model, is an extension of active-contour model to three
dimensions.Considera 3-D surface ~ in x-y-t space.This
surface can be parameterizedby two real variables;as these
variableschange,the correspondingpoints (x;y;t) traverse
the surface ™. In orderto nd the surface =, various con-
straintscan be imposedthroughthe internalenegy E,; e.g.,
smoothnessof the surface or “locking” of the surface to
large luminanceand/orcolor gradients However, similarly to
snales a particularly well-known class of active contours,
also called enegy-minimizing splines [12], actve surfaces
suffer from x ed topology (cannotsplit or meige automati-
cally), numericalinstabilities (as surface shrinks/&pands,its
parametrizatiomhangeseadingto numericalinstabilities,e.g.,
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in computationof derivatives), and additional computational
complity neededto identify the inside and outside of the
surface.Although someof thesedif culties wereindividually
addressedo some dgyree in the past, a nev methodolog
called level setswas successfullyintroducedto image pro-
cessingin mid-to-late 1990s.

Let's explain the basic idea behind level-set methodsfor
the simpler caseof 2-D active contour~(s) = (X(s);Y(S)),
wheres 2 [0; 1] is a parameterass variesfrom 0 to 1, the
point (x(s); y(s)) movesalong~. Level-setmethodsaddres
the de cienciesof active contoursby de ning the 2-D contou:
~ implicitly as the zero-level set (iso-level contour at zero
height) of a function u. A good analogyis an island in the
ocean;while its shorelinecan be thoughtof asthe contour~
at zeroheight(sealevel), the island surfacecanbe thoughtof
as function u. The main ideain level-set methodologyis to
evolve the functionu in suchaway thatits zero-level set(2-D
contour)is identicalto the soughtcontour~. Let denotethe
evolution time which is unrelatedto video sequencdime t;

can be thoughof asiteration numberin an algorithm that
evolvesthe functionu. Clearly, the elevation of point (x; y) at
time canbe written asu(x;y; ), while the corresponding
contourpoint — as~(s; ).

In order that a level set of function u and the contour~
evolve in synchronismiwo conditionsmustbe satis ed:

1) The contour~ mustbe a level setof u, i.e., the value
of u(x;y; ) for (x;y) 2 ~(s; )ji, mustbe constant.
Alternatively, the derivative of u along contour~ must
be zero.

The level setof u mustbe “locked” to the contour~
whenu evolvesin time, i.e., the value of u(x;y; ) at
(x;y) = ~(s; ), for somes, cannotchangeover time.
Alternatively, the temporal derivative of u at contour
points mustbe zero.

Basedon the abore constraintson derivatives of the level-set
surfaceu, it canbe showvn thatif the evolution of contour~
is describedby the following equation

R S CR LICR! )

whereF is the so-calledspeedunction,andN is the outward
normalto ~, thenthe evolution of u canbe describedby:

Q) = E (i ykrutxy: Ik @

wheref™ is the gradientoperator Fig. 2 illustratesthe above
equialencebetweenevolution of contour~(s; ) 2 R? and
evolution of level-setsurface(x; y; u(x; y; )) 2 R3. Notethat
as the lower-left contour expands,the double-peakd part of
the level-set surface raises,while as the upperright contour
shrinks,the higher single-peakd part of the surfacesinksin.

2)

For the active-surcemodel ~, of interestin video sggmen-
tation, the evolution equation(1) holdsin 3-D space:™ 2 RS,
while (2) holdsin 4-D space:(x; y;t; u(x;y;t; )) 2 R4 Al-
thoughthe speedunction F, at arny momentof the evolution,
canbe de ned in an ad hoc fashionthis is often dif cult and
one typically derives it from an enegy functional, such as

K=l

Fig. 2. [llustration of equivalencebetweenevolution of two contours~1, ~2
and level-setsurfaceu.

E(7) = Bnt + Eext - It isthroughthespeedunctionF , andthus
throughE,: andEs: , thatthe propertiesof the nal surface
~ arede ned. The internalenegy is usually as simple asthe
areaof surface™. This leadsto an additive curvaturetermin
the evolution equation(2) thatassuresmoothsolutions;asthe
cunatureincreasedocally (indentationin ~; in Fig. 2.a),the
speed- growsthuspulling outwardthe contourandeventually
reducingthe curvature.

B. Spatio-tempal similarity/dissimilarity model

The secondcomponenbf speedunctionF comesfrom the
external enegy Eex that relatesthe surface ™ to video data,
and expresseghe underlying assumptionsabout relationship
betweenmotion and luminance/colar Other modelsmay be
alsoincorporatednto F dependingon the particularsegmen-
tation scenario.Some examplesof external enegy models
proposedo dateare:

1) intensityimage proportional to the likelihood of local
motion boundary [4]; likely motion boundary pixels
form edgesto which the evolving contoursare attracted
—the approachis boundary-basedndcanbe compactly
formulatedusing geodesicactive contours[3],
normal componentof the velocity vector [13]; large
normal velocity occursin moving areaswhile zero (or
small) velocity occursin staticbackground- integrating
one term proportionaland one term inversely propor
tional to the norm of normal velocity measurements
outsideand inside of the surface =, respectiely, leads
to a volume-basedormulation that can easily account
for cameramotion,
tempoal intensity difference [6]; while large absolute
differencesoccurin moving areasthey arerathersmall
in static background— integrating squaredtemporal
differencesover the outside of surface ™ and a x ed
costinside of the surfaceleadsto volume-basednotion
detection[11],
sample variance of intensity along motion trajectory
[11]; the varianceis smallfor pointsvisible throughout
the spatio-temporalvindow consideredbut canbecome
large after an occlusion or before being uncovered —
integrating the varianceover inside and outside of the
surface =, with different motion parameters)eads to
volume-basegbint motion estimationandsegmentation,

2)

3)

4)
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Fig. 3. Examplesof intensity variation along motion trajectory: (a) within moving, fully-visible object; (b) in backgrounahat startsto be occludedaround
frame#30, and (c) in backgroundthat was uncoveredaroundframes#13 and 30, computedfrom Ettlinger-Tor video sequencé€Fig. 5).

while also permitting the detection of occluded and
newly-exposedareas.
In orderto illustratethemainideasembodiedn thelastmodel,
Fig. 3 shavs several samplesof intensity variation along

motion trajectoriesfor a camera-capturediideo sequence.

Fig. 3(a) shaws intensity variationfor imagepointsbelonging
to a fully-visible object; each point's intensity stays fairly
constantthroughout all 50 frames. However, in the case
of backgroundocclusionby a maoving object the nature of
intensityvariationsis quite different;Fig. 3(b) shaovs thatprior
to occlusionthe intensity variation of a backgroundpoint is
quiteconstantput onceoccludedt beginsto vary signi cantly
asthemoving objectcoversit. It is exactly oppositein thecase
of imagepoint beinguncorered(Fig. 3(c)); its intensityvaries
signi cantly asa moving objectcoversit but afterthe pointis
uncovered, it hasa fairly constantintensity By constructing
suitable external enegy terms for each case,it is possible
to quite accuratelymodel and then estimateoccluded and
uncoveredareasin eachframe of a video sequencgl1].

The models listed aborve differ signi cantly in terms of
computationalcompledity. While simple temporaldifference
or normal velocity vector require few operations,the edge
likelihood and samplevariancemodelsare more demanding
computationally This directly affects the efciency of the
segmentationmethod.Additionally, evolution of the level-set
functionu (2) is computationallyintensve.

C. Computationalissuesin level-setappoach

In orderto nd surface™ thatminimizesE(™), the function
u needsto be evolved accordingto equation(2). The nal
surfaceis given by the zero-level setof u(x;y;t; ) as !

1 . Evolving the function u requirescareful discretizationof
equation(2) (see[14] for details)and establishinga suitable
stoppingcriterion.

Should one solve for the surface =, which is a function
of two parametersdirectly, one would need to evolve a
2-parametewversion of equation(1) only at surface points.
Solving for ~ indirectly, requiresto evolve u, a function of
threecoordinatesx, y andt (in additionto the evolution time

) atall positions(x; y; t). This higherdimensionalityposesa
computationakhallenge nitialization of u, calculationof the

speedfunction F, updateof u andperiodicre-initialization of
u mustbe performedfor all points (x; y;t) at eachevolution
time . Clearly, the e xible topology numericalstability and
easeof identifying the inside/outsidecome at the cost of
computationaktompleity.

Theissueof computationatomplexity of level-setmethods
has beenaddressedy the fast marching, narrow band and
Hermesalgorithms[4]. The fast marchingalgorithm is ex-
tremelyfastbut applicableonly to problemswith constant-sign
speedF andthuscannotbe appliedto caseswith cunature-
dependenspeed(curvature can be positive or negative). The
narrav-bandalgorithmspeedsup the evolution by considering
only pixels that are close to the latest position of the zero-
level set, both inward and outward. The Hermesalgorithm
combinesbene ts of the narrov bandandfastmarchingalgo-
rithms by performingselectve propagtion. Unlike the above
methodsthat, in general, nd accuratesolutions,recentlyan
extremely fast, although approximate level-set method has
beenproposed15]. Ratherthan solving a partial differential
equationdirectly, it usesan optimality conditionfor the nal
surface (contour)location basedon a speedtest; only simple
operationdike deletionfrom or insertioninto a list of points
are neededfor evolution. Applied to spatio-temporalvideo
seggmentation,the methodresultsin speed-upsof up to two
orders of magnitudeover other optimized implementations.
In the caseof simple similarity models(temporaldifference)
and few frames processedat a time, this fast algorithm
permitsreal-timeimplementatiorof videosegmentatiorat CIF
resolution.

D. Someexperimentalresults

Let's illustrate the precedingdiscussionwith some exper
imental results. All examples shavn are on natural video
sequencegcapturedwith a real video camera).For a range
of resultson synthetic-motion hatural-t&ture sequencesn-
cluding some quantitatve measuresthe readeris invited to
consultprior work, suchas([5], [11].

Fig. 4 shavs motion detectionresultsfor a typical trafc
sequenceone can easily imagine will be available from
thousandsof camerasdeplo/ed along interstate highways
and city streets.The sequencehas been acquiredin good



KONRAD: VIDEOPSY
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Fig. 4.
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Motion detectionresult (temporalintensity differenceas similarity model + surface smoothnessjor a window from Karl-Wilhelm-Stafe video

sequencdrom the University of Karlsruhe(KOGS/IAKS): (a) original frame #15; (b) correspondindabel eld; and(c) objecttunnelsover 30 frames.

@ (b)

(©

Fig. 5. Motion detectionresult(temporalintensity differenceas similarity model+ surfacesmoothnessfor Ettlinger-Tor video sequencérom the University
of Karlsruhe(KOGS/IAKS): (a) original frame#5; (b) label eld; and(c) objecttunnelsover 50 frames.

weatherconditionswith sufcient close-upto clearly seethe
cars and, therefore,is not dif cult to process.The detected
motion masks clearly delineateboth cars, althoughwith a
considerablanamgin. This magin is dueto temporalintensity
differenceusedas the similarity model; signi cant temporal
differencesoccut in general,at the union of car positions
in the consideredframes. The resulting object tunnels and,
therefore, single-framemotion masks (spatial tunnel cross-
sections)aresmoothdueto the minimum-areaconstraintused
and accuratelydepict the motion throughtime (30 frames).
Clearly, the top car moves fastersince its tunnel has larger
slope. Interactve manipulationof the tunnel plot (rotation,
zoom-in) provides a completelynev way to look at video;
spatio-temporatelationshipsbetweenmoving objectscan be
easily deducedand complementhe usualvideo playback.

Fig. 5 shavs a similar trafc scenariohowever from far
away andwith morecomplex motion (numerousarsmaving).
Clearly, eachmoving areais muchsmallerthanin Fig. 4 and
thusthe tunnelsarethinner exceptfor the oneof thebus. The
computedmotion masksand tunnelsare alsomore noisy, but
the overall rendition of space-timeelationshipss accurate.

Fig. 6 is aninterestingexampleof the e xibility of spatio-
temporalvideo sggmentationusing active surfacesand level
sets.Thevideo sequenceisedis of considerablylower spatial
resolutionand with signi cant noise,but it shavs interesting
scenedynamics;two carsapproachthe cameratogether one
largely hiddenby the other but thenthey separateand move
in oppositedirections.Note a considerablemagin between
the estimatedcontoursand actual car boundariesAgain, this
is due to using a simple similarity model basedon temporal
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Fig. 6. Motion detectionresult(temporalintensity differenceassimilarity model+ surfacesmoothnesspn a trafc sequencérom the University of Rennes,
France;original frames(a) #1, and (b) #15 overlaid with nal boundariesand (c) objecttunnelover 15 frames(reversedin time).

intensity difference.However, note the shapeof the tunnel
(time is reversedfor this tunnel to enhancevisualization);
as one car uncovers the other behind it, the tunnel splits
creatinga “fork”, which accuratelydepictsthe spatio-temporal
relationshipbetweencarsin this sequence.

Finally, Fig. 7 shavs resultsfrom the samevideo sequence
asthosein Fig. 4. Now, however, a similarity model based
on sampleintensity variancealong motion trajectoryis used
somevhattighteningthe computedboundaryaroundeachcar.
More importantly two additionalmodelshase beenincorpo-
rated accountingfor pixel occlusionsand pixel uncovering
(Fig. 3), andthe whole framework is a joint motion segmen-
tation and estimationratherthan simple motion detection;the
two carsare distinguishedfrom eachother unlike in Fig. 4,
becauseof the embeddedcomputationof motion. In label
imagesthedarker grayareain front of the carsshaws pixelsto
be occludedin thefuture (within the processedime segment),
while the other even darker, gray areabehind cars shavs
pixels that have beenexposedprior to this frame (limited by
the beginning of the segment).Fig. 7(c) shavs objecttunnel
for the left car, while Fig. 7(f) shavs backgroundocclusion
volumes,i.e., pixels that are going to be occludedat certain
momentin the future (within the processedime segment).
Again, interactve manipulationof theseobject tunnelsand
occlusionvolumes provides a new insight into video. Note
that since5 differentsub-wlumesare estimatedwithin the 3-
D domainof the sequencemultiphaselevel-setmethodology
[16] is needed.

I1l. NEW CHALLENGE: MULTI-CAMERA VIDEOPSY

Regardlessof the intendedapplication,whetherit is mon-
itoring peoplein a building, tracking carson city streets,or
detectingsuspicioushumanbehaior in an airport terminal,
two modesof operationcan be envisagedfor a visual sensor
network. In centralized processingall camerascompressand
streamthe capturedvideo acrosslocal-areanetwork to some

central location where the processingoccurs (and powerful
“intelligence” resides).In this mode, communicationissues,
such as tamget bit rates, compressionalgorithms, network
heterogeneityare of primary concern.An alternatve is dis-
tributed processingin which all camerasperform some lo-
cal processing.encodeits outcomeand transmitit to their
topologicalneighbors(which do not have to be their physical
neighbors) Clearly eachcameramustbe equippedwith some
“intelligence” in order to afford the local processingln this
scenariothe centralissuesare compleity andlocalizationof
processingrepresentatiorof its outcome,camerainteraction
mechanismsaswell as communicationconstraints.

Today's network camerasare beginning to have enough
computationakapacityto accommodatesome‘intelligence”.
However, they typically supportrelatively fast communica-
tion (IEEE 802.3 at 100Mb/s or 802.11b-gat 11-54 Mb/s)
capableof handling compressedrideo streamsup to ITU-
R 601 resolution.Usually deplgyed in an urbanenvironment
(wiring neededor limited radio range),suchcameranetworks
can operate relatively free of transmissionconstraints. A
more challengingscenariois the applicationof visual sensor
networks to ervironmental monitoring, wildlife tracking, or
battle eld surwillance.Much lower channelcapacitiesn this
case,due to power constraints,internode distancescamera
nodemobility, etc.,call for distributedvideo processinginder
severe communication(and power) constraints.

The idea of distributed video processingsoundsappealing
but canit be madepractical?Considerthe caseof trafc mon-
itoring on city streets.One of the mostinterestingquestions
city plannerscould askis: What is the most commonroute
that carstake from point A to point B? With a sufciently
densecameranetwork one shouldbe ableto track carsblock-
by-block, and for someof them assemblea path from A to
B. This could be done centrally by streamingvideo from all
camerasandthenperformingtrackingat this centrallocation,
but network resourcescould be easily overloadedor wasted
(if few camerasor none “see” a moving car), and a high-



KONRAD: VIDEOPSY 7

@ (b) (©

(d) (e) ()

Fig. 7. Motion-basedsggmentationresult (samplevariancealong motion trajectory as similarity model + surface smoothnessjor a window from Karl-
Wilhelm-Staf3evideo sequencérom the University of Karlsruhe(KOGS/IAKS): (a,d) original frames#15 and#25; (b,e) label elds (white — left object,light
grayto dark gray: right object, backgroundto-be-occludedackgroundand uncoreredbackground){c) objecttunnelfor the left car; and (f) to-be-occluded
backgroundvolumesover 30 frames.

power central computingsener would be needed.Both can communicatingonly the nal result of processingAlthough
be avoided by distributing the tracking; carscan be detected the subsequentameras‘learn” more and more about the
andtracked by eachcameraindependently(Fig. 5), andthen moving object, this “learning” processs unidirectional(from
information aboutthe car (e.qg., direction, speed,size, color, earlierto later camerasin the senseof trackingtime, but not
shape)communicatedo a topologically-neighboringcamera. vice versa). This type of processings adequatef only one
Assemblingthe nal route information centrally would re- camera‘sees”the objectof interestat ary giventime.

quire relatively low-power computationalresourcesand low

transmissionrates at the cost of increasedlocal in-camera
processing.

However, as canbe imaginedin the scenarioof thousands
of camerason city streets,a nhumberof camerasare likely
to have signi cant overlap of elds of view. In this case,

In the abore scenariojit wasimplicitly assumedhat cam- resultsproducedby common- eld-of-viev camerasarelikely
eras have either non-overlapping or minimally-overlapping to be correlated.A questionthat begs answeris: How to
elds of view, and thus operateratherindependentlywhile exploit this correlationin order to improve robustnessand



accurag of the processing®nepossibleapproachis to permit
camean collaboration, i.e., to allow camerago communicate
intermediateprocessingesultsto eachotherin orderto verify
andpotentiallycorrectneighboringcameras results A speci ¢
exampleis whena moving objectis partially occludedin view
from onecamerawhile fully visible in view from anothercam-
era;uncertaintyasto the shapeof the objectmay be resohed
by communicatingintermediatemotion-basedsegmentation
resultsbetweenthe two camerasin particular to-be-occluded
labels for a moving object, reportedin [11], as opposedto
to-be-occludedackgroundabelsfrom Fig. 7, communicated
betweencameranodescould be usedto properly matchthe
same object in several views and infer the occluded part.
Another example is hierarchical (multiresolution) message
passing.Since most video processingalgorithmsare imple-
mentedhierarchically it seemsonly naturalto communicate
intermediateresults, upon the completion of processingat
eachresolutionlevel, to othernodes A hierarchicalapproach,
while spreadingtransmissionover time (very coarseresult
followed by progressiely ner results), naturally permits
coarsecorrectionwith fewer bits early in the processingvhile
requiring more and more bits for ne-tuning (that may be
omitted altogether).

A desirableattribute of distributedvideo processingin the
caseof multiple cameraswith common eld of view, is its
recon gurability. As someof the cameraswvorking in tandem
may fail, go off-line for maintenanceor temporarily lose
power, the othercamerashouldcontinuecommunicatingand
collaborating.However, althoughthe local network topology
may changethe processinghouldautomaticallyadaptto such
changeswhile still seekingthe original goal. One possible
avenueto accomplishthis may be through Markov models.
This ability to adaptwill play an importantrole in future
camerasensometworks.

Multiple common- eld-of-viev camerascan also be used
for qualitatively new results. Different views of the same
dynamic sceneprovide wealth of information for the recon-
struction of a dynamic,3-D model of the scene,i.e., model
that accountsfor both depthand time. Sucha model would
be mostinterestingfor motor and pedestriartrafc analysis,
motor vehicle accidentanalysis,etc. Although such models
canbe reconstructedoday using computervision techniques,
typically this occursunder severe constraintson the imaged
scene,manual cameracalibration, and with unlimited com-
putationalresourcesThe challengesaheadare in developing
distributed algorithmsundera communicationconstraintca-
pableof handlingfairly arbitraryscenegfor example,various
urbanervironments),with automaticcameracalibration,and
all this undercomputationacompleity constraint.

IV. CONCLUDING REMARKS

Cameradurking at every streetcorner every building en-
tranceand in every of ce building corridor is not so much
a questionof “If ?” but rather a questionof “When ?”".
As the light bulb has becomea commodity item, so will
becomea network cameraThousand®f cameragieplo/edin
a city will undoubtedlyresultin network trafc congestion,
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but also in visual information overload. Unlike yesterday
when most cameraswere actively monitored by humans,
today more and more camerasgeneratevisual data that are
unused.This problemwill only get exacerbatedn the future
as more and more camerasare deplg/ed. While the video
acquisition hardware has evolved tremendouslyin the last
decade algorithmsnecessanyfor effective manipulationand
efcient communicationof multi-cameradata have not kept
up. The challengevis-a-vis upcomingvisual sensometworks
will be in the developmentof novel distributed video pro-
cessingand compressionalgorithms allowing efcient and
effective urban,highway, airport,etc.,scenesuneillanceunder
communicationcomputingand power constraints.
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