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Abstract

In airborne video, objectsare tradked from a moving
camen and oftenimagedat very low resolution.Thecam-
eramovemenmalesit difficult to determinevhetheror not
an objectis in motion; the low-resolutionimagery males
it difficult to classifythe objectsandtheir activities. When
computablethe object’s georefelencedtrajectory contains
usefulinformationfor the solution of both of theseprob-
lems. In this paper we describea novel techniquefor de-
tectingindependenmovementby analyzinggeorefeenced
objectmotionrelativeto the trajectoryof the camern. The
methods demonstatedon over a hundredobjectsandpar-
allax artifacts, and its performancds analyzedrelativeto
difficult objectbehaviosandcamea modelerrors. We also
describea new methodfor classifyingobjectsand events
usingfeatuesof georefeencedtrajectories,sut as dura-
tion of acceleation, measued at key phasesf the events.
Thesefeatures,combinedwith the periodicity of the image
motion,are successfullysedclassifyeventsin the domain
of person-vehiclenteractions.

1. Intr oduction

Key to thetaskof video sunwillanceis the detectionof
objectsmoving independentlyf their environmentandthe
characterizatioof theirtypeandactuity. In airbornevideo,
suneillanceis in partcharacterizedby two challengesthe
constantmotionof thecamerayhich producespuriouse-
tectionsof movementon the ground,andthe smallimage
sizeof importantobjects.

Cameramotion producegparallaxartifacts,the appear
anceof independentnotionin objectshatareactuallyfixed
but separatedrom their surroundingsby somedistance,
suchasatreerisingabovetheground.This apparenmove-
mentcan persistasa smooth,continuousmotion for up to
minutesand canleadto erroneousietectionof groundac-
tivities. Figure 1 shows a frame from a video of a road
throughaforest,with the detectedracksof two peoplerun-

Figurel: An exampleof parallaxartifactsin airbornevideo. This
is a frame shaving a road cutting throughwoodswith tracksof
detecteabjectsoverlaid. Peoplecrossingarein blackandartifacts
generatedby treesarein white.

ning acrosgheroadandfour artifacts.

In airbornevideo, maving objectsof interestare often
very smallrelative to their distancefrom the camerasuch
asapersorbeingviewedfrom 2,000feetaway. Sinceactiv-
ities caninvolve mary objectsoperatingover a large area,
awide field of view relative to objectangularsizeis com-
monplacepftenmakingobjectsonly 10-15pixelshigh. For
example Figure2 shavsatypicalframein thevideocollec-
tion studiedin this paper Becausef this andthedifficulty
of achieving consistenimotion-basedmagesegmentation,
staticcharacteristicsf the object,suchasintensitypattern,
shapeandsize[5], [7], [4], canbedifficult to usefor classi-
fication of objectandactvity. Coarsecharacteristicsf the
changen the objectsimageovertime, suchasperiodicity,
have alsobeenusedto understanabjects[3]. However, in
our domain,wherethe objectis oftentraveling over highly
texturedground,featuresof this sort, althoughuseful,pro-
vide only a partialsolution.

Reliablegeoreferencedideo is becomingincreasingly
practicalvia calibratedcamerakinematicsand, even more
promisingly via precisionregistrationof thevideoto refer
enceimageq14]. For thechallengeof both parallaxdetec-



Figure2: Synopsisof a video of peoplerunning, with detected
tracksin white. Thegroundis basicallyflat, andtheimagesof the
peopleareaboutl5 pixels high.

tion andobjectunderstandingwe shawv thatgeoreferenced
trajectoriescontainvery useful information that can con-
tribute to solving theseproblems. For the analysisof par
allax, we describea novel methodthathypothesizea fixed
objectfor eachdetectedrack, solvesfor the optimalobject
position given the trajectory and then examinestwo fea-
tures:thefit errorandobjectheight. This methodwasused
to classifyover 100automaticallydetectedbjectsandpar
allax artifactswith an errorrate of belov onepercent.We
alsoanalyzetheperformanceelative to difficult objectmo-
tionsandorientationerrorsin thecameranodel.

In the secondpartof the paperwe apply georeferenced
trajectoriedo the classificatiorof objectsandeventsin the
contet of peopleinteractingwith vehicles.In this domain,
the classificationof an eventis tied to the natureof the
tracked objects. For example,both vehicle “parking” and
“pullout” eventscanbe obsened asa tracked objectstop-
ping, followed by anotherobjectstartingup nearbyanda
little later Theinterpretatiorof “parking” versus‘pullout”
dependson which objectis seenmoving first: a personor
a vehicle. Also, correctly classifyingthe objectsinvolved
dependsn parton the analysisof how they areperforming
their actionsduring the event: arethey stoppingthe way a
vehicledoesor morelike a person? We shov how char
acteristicsof the georeferencetrajectory suchasthe du-
ration of acceleratiorandthe achiered velocity, combined
with the periodicity featuredevelopedin [3], canbe use-
ful for simultaneouslylassifyingobjectsandtheir interac-
tions. In [8], objecttracksare interpretedas events, but
objectrecognitionandmetricalpropertiesof themotionare
notemployed. In [12], metricalpropertiesareusedto clus-
ter georeferencettajectoriesand detectunusualbehaior.
However, classificationof the objectsand analysisof their
interactionsare not considered. Also, the measurements
usedarenotintrinsicto theobjectshemseles,but areprop-
ertiessuchaspositionanddirectionin a fixed frame. The

trajectoryfeaturesstudiedin this paperareinvariantto ob-
jectlocationanddirection.

2. Detectionof independentlymoving objects

We areinterestedn the detectionof objectsmaoving rel-
ative to a fixed scenein situationswherethe cameraitself
is in motion. A commonmethodof detectingmoving ob-
jectsin this contet is to modelthe imagemotioninduced
by the camera,remove this motion by warpingthe image
with the inversetransformation(image stabilization),and
classifyary significantandpersistentesidualmotionasan
independentlynoving object[6], [1], [3], [9]-

A standargracticels to assuméehatthescends roughly
planar(i.e.,aflatground)andmodeltheinducedmagemo-
tion asa 2D affine or projective transformation This tends
to work well, evenwhenthe groundis not very flat. How-
ever, whensomethingabruptlyrisesabovetheground,such
asatree,telephonepole,or building, its motionis not well
predictedby the groundmodelandit canoftenbe detected
asindependentlynoving. Sincethis effectis relatedto mo-
tion parallax, objectsof different depthshaving different
obsened motions,we will referto the resultingfalsede-
tectionasa parallax artifact. Figurel shavs examplesof
treesgeneratingparallaxartifactsand,amongthem,people
in motionontheground.Sincewe areinterestedn detect-
ing andtracking peoplewith smallimagesize and poten-
tially slow motion(e.g.,walking), simplethreshold®nim-
agesizeandspeedarenot alwayssuitableto properlyfilter
outtheseartifacts.

The planarplus-parallaxmethods[6], [10] usea more
sophisticatednodelof imagemotion capableof stabilizing
imagesof comple scenes.In thesemethods,a dominant
planarmotionis estimatedaswell asthelinesalongwhich
the residualparallaxmotionis expected. (The linesinter-
sectingtheepipolesassociatewvith thecamerdranslation.)
Giventheselines, it is possibleto determinewhich image
motionsareconsistentvith parallaxandignorethem. This
approachprovidesa self-containedand elegantsolutionto
the problemof detectingindependentnotion; it is useful
whencameranformationis otherwiseunavailableandthere
is asuficientamounbf raised3D structurgo determinghe
parallaxgeometry However, for uncalibratednethodssuch
asthosein [6], [10], the presenc®f 3D structuresiotin the
dominantplanearerequiredto solve for the epipolarlines
[6]. Whenthegroundis relatively flat andfew fixedobjects
areraisedabove the ground,a commonlyoccurringsitua-
tion on openroads,parking lots andfields (For example,
seeFigure2.), it is notalwayspossibleto solve for thelines
andthe methoddiscussedh this papemaybe moreuseful.

We assumehatthevideoimageis registeredo aground
referencdrame(georeferenced)ndthatthealtitudefor ev-
ery pointis known to someapproximationaswell asthe
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Figure 3: The geometryof parallaxartifacts. The trajectoryof
thecamerac(t) sweeputageolocatedartifacttrajectoryg(t) at
pointswheretheline betweeran elevatedobjectpoint r andc(t)
intersectgheground.

positionof the cameran space.Thus,the 3D positionsof
atracked objectandthe cameraareknown for eachframe.
For airbornevideothisframework is becomingncreasingly
practical givenprogressn precisionregistrationof videoto
referencegmaged14] andtheeaseof localizingthecamera
throughuseof globalpositioningsystemsCalibratedcam-
erakinematicscanalsoprovide enoughprecisionin georef-
erencingfor our methodandhasbeensuccessfullyusedin
theexperimentgresentedhere.

Given this framework, a relatively simple and robust
methodcan be usedto help classify a detectionas anin-
dependentlymoving objector a parallaxartifact. At ary
giventime ¢, we know the groundpositiong(¢) of the de-
tectionandthe positionc(t) of thecamergseeFigure3). If
thedetectionis truly anartifactof thecameramotion,there
mustbe a fixed raisedobjectr suchthatg(t) is alwaysin
the projectionray from ¢(¢) throughr, for all times¢. In
otherwords, c(t), r andg(t) mustalways be in the same
line. (Note thatthis is mathematicallyanalogougo a pin-
hole camera,wherer is the “focal point” and g(t) is the
“image” of ¢(¢) ontheground.)

We can solwe for a hypotheticalr that minimizesthe
squareckrrorbetweery(t) andits estimategivenr ande(t),
for all ¢, using

in
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Figure 4: Examplesof parallax analysis. For each, the left
side shavs a frame with a detectedtrack (white) and the right
side shavs the geolocatedrack (black) and fit parallaxtrajec-
tory (grey). Crossesmark 1m spacing. (a) Parallax artifact,
(e,zr) = (0.4m,12.1m). (b) Personmoving in direction op-
posite expectedfor parallax, (e, z,) = (1.1lm,—50.1m). (c)
Personmoving in roughly an orthogonaldirection to parallax,
(e, zr) = (6.2m, —2.2m).

2
+ (Yo,t29,t — Ye,t2r — YrZg,t — Yg,t%e,t + YrZet + Yg,t2r)

In theresultspresentedhere we solvedthesecondequa-
tion andthenappliedthe solutionr to the first equationto
computetheerrore in groundunits. It is importantto note
thatwe placeno constraint®nthe 3D motionof thecamera
or theobjectwhensolvingfor r ande.

The errore and computedheight z, bothtell us some-
thing aboutthelik elihoodthatthe detectedrajectoryreally
is a parallaxartifact. Clearlyif e is quite large, thenthe
fit is not goodandthe trajectoryis likely to be generated
by somethingmoving. If z, is negative or very large, this
alsoindicatesindependenmotion. A z, below zero(a hy-
potheticalobjectbelov the ground)is causedy fitting to
a detectedrajectorymaving in a directionoppositeto the
onepredictedgiven parallax;a z, thatis unusuallyhigh is
causedy somethingnoving fast.Figure4 shavsexamples
of trajectoriesandtheir interpretation.Figure4(a)is anar-
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Figure5: Distribution of trajectoriesin (e, z-) space Horizontal
axisis e, andvertical is 2. True parallaxartifacts (black) are

clusterechear(0,0), while moving objects(grey) aremorewidely
distributed.

tifactcauseddy atree.Thefit errore is 0.4m, whichis low

giventhe obsenednoisein the tracking,andthe hypothet-
ical heightz, is 12.1m, which is reasonabldor atree. In

4(b), the trajectoryis from a personmoving in a direction
oppositeto predictedparallax.It doesnothave a high error
(1.1m), but doeshave a heightof —50.1m. Finally, in 4(c),

the trajectoryis from a personmoving roughly orthogonal
to predictedparallax,generatinga large error of 6.2m rel-

ative to the predictedtrajectory which is lessthan4m in

length.

2.1 Experimental results

Figure5 shavsthedistributionsfor parallaxartifactsand
independentlynoving objectsin (e, z,.) spacegivenatotal
of 142 sampleg40 artifactsand102 moving objects).This
collectionis composedf all tracksthat were detectedn
a setof five video sequencesind have a durationlonger
than1.5s. The videoscoveredareasof forest,openfields
andsmallhills, andthemoving objectsincludedpeopleand
vehicles. The movementswere detectedtracked andgeo-
referencedrom airbornevideousingmethodsdiscussedn
[1], [3], [11]. The groundmotion was stabilizedusingan
affine model,andgeoreferencingvas principally doneus-
ing calibratedcamerakinematicsand a single groundalti-
tudemeasuremeribr thearea.

Noticein Figure5 thatthe parallaxartifactssometimes
generatenggative z, values. This is probably occurring
whenthe tree canopy, not the ground,is being stabilized.
This situationcanproducespuriousdetectionglowvn onthe
groundat pointsof high contrastsuchasat shadav edges.
For example,obsene the artifactsin the upperpartof Fig-
urel. In spiteof the factthatthe groundis not alwayssta-
bilized, the artifactsareclearly clusterechear(0, 0) in Fig-

Figure6: Polarplot of the minimum speedrequiredfor an ob-
jectto be detectedasindependentlynoving, asa function of mo-
tion direction. Zerodegreesis in the predicteddirectionof paral-
lax. Theblackcurve shavs theminimumspeedgiventhe (e, z-)

thresholdsisedin the experimentsthe grey curve doublesthe z,

thresholdsSeetext for otherparametersf the simulation.

ure5 andtheindependentlynoving objectsaremuchmore
widely distributed in both dimensions. Using thresholds
thatboundall the parallaxsampleg—10.75 < z, < 12.39,
e < 0.67), we found classificationerror ratesof zeroper
centfor the parallaxsamplesandlessthanonepercentfor
the moving objects.Our methodandthesethresholdsvere
alsousedo successfullyilter outparallaxartifactsin the 10
videosusedfor theeventdetectiorexperimentsliscussedh
thefinal sectionof this paper

2.2 Analysis of parallax misclassification

Considerthe two examplesof peoplecrossinga road
shavn in Figure 4(b) and (c). At whatspeedsanddirec-
tions relative to the cameramotion would their crossing
of this areabe mistalen for parallax artifacts and hence
go undetected?The lengthof their traversalwasapproxi-
mately15m. To simulatethe effectsof changingthe speed
anddirection,we assume straightl5mobjecttrackanda
straightcameratrajectory (In situationswherethe object
and cameratrajectorieshave differentshapesit is harder
for our methodto confusemaoving objectswith parallax.
Thus,we are simulatingthe worst case.) We alsoassume
the cameras moving at15.5m/s (approximately90 miles
per hour) and hasa heightand grounddistancefrom the
objectof 500m, approximatelythe experimentalsituation
above. GiventheseparametersFigure 6 plots the mini-
mum speedan objectmusthave to avoid misclassification
for every givendirectionof travel relative to the cameras
directionof motion. In theplot, adirectionof zerodegrees
meanghatthe objectis moving in exactly the directionex-



pectedfor parallaxartifacts,which s in the oppositedirec-
tion of the cameras motion. Theblackcurve plotsthe min-
imum speedsgyiventhe classificatiorthresholdgor (e, z.)

that were determinedexperimentallyand usedin the last
subsection.Therearetwo lobes,at 0 and 180 degrees be-
causethe lower limit for parallaxheightz, is a negative
valueof non-trivial magnitudeo compensatéor stabiliza-
tion behaior.

Thelobewidthsareboth16 degreesthereforepbjectdi-
rectionsmorethan8 degreesfrom both 0 and180produce
nomisclassificationatary speedWithin 8 degreesof these
directionstheobjectstrajectorybaginsto line up well with
motion parallaxandthe objectspeedmustbe greaterthan
0.41m/s to be detected.This is a fairly low speed:mov-
ing at this pace,an objectwould take 37.5 secondqover
a half a minute)to crossthe roadcut. Thus, for this road
crossingcaseandthe classificationthresholdsusedin our
experimentspbjectmotionhasto be quite slow andclosely
lined upwith the expectedparallaxdirectionto beconfused
with parallax.

Thegrey curvein Figure6 plotstheminimumspeedse-
quiredwhenthe parallaxheight(z,) thresholdsaredoubled
in magnitudeto [-21.5m, 24.78m]([-70.5ft, 81.3ft]). This
is considerabhhigherthanwhatis requiredfor theenviron-
mentstudiedin this paper but for othersituations suchas
highertrees,this may be necessary For misclassification
to occurin thesecasesthe direction muststill be within
8 degreesof parallaxandthe speedmustnow belessthan
.82m/s (doublethe speedabore). This speedis possible
for apersonjutit is fairly slow andimpliesaroadcrossing
of 18.3seconds.In conclusion therewill be objectswith
just the right speedand directionto appearas artifacts of
the cameras motion; however, given our method,the mis-
classificatiorrateapproachea minimumin mary practical
situations. In addition, it is often possibleto track objects
for extendedperiods. In suchcasesthe objectwill often
changets motionandbecomelifferentiablefrom parallax.

2.3 Effect of camerapointing errors

Our methoddepend®on a modelof the camera.An im-
portantsourceof errorsin georeferencedatais theestimate
of the camergpointing anglerelative to the ground. In this
sectionwe shov thatour methodis relatively insensitve to
errorsin this estimate.In our experimentserrorsin cam-
eraazimuthandelevationweretypically lessthana degree.
However, in thesystenreportedn [14], themechanicatal-
ibrationintroducechighererrorsthatrangedrom 2 to 3 de-
grees.The effectsthaterrorsin this rangehave on the par
allax features(e, z,.), giventypical viewing situationsand
a rangeof elevation angles,can be estimatedby simula-
tion. In this simulation,we useda fixed objectof height
z, = 10m above a flat groundanda camergpassingoy the

objecton a straightpathat a constantheightof 500m. To
bestcompareresultsacrossdifferent elevation angles,for
eachelevation angle,the grounddistancebetweencamera
andobject,andthedurationof thetracking,weresetsothat
the georeferencedrajectoryof the resultingparallaxwas
10m(whenno cameraerrorshave beenintroduced).Then,
for eachelevation angle,the parallaxwas synthesizednd
georeferenced times,eachtime with a differenttypeof er-
rorin thecamergointingangleestimateelevationoff by 3
or -3 degrees andazimuthoff by 3 or -3 degrees.For each
of thesed trials, e andz, weremeasure@ndthevalueswith
thelargestdeviationwererecorded.

Theelevationanglegestedangedrom 25to 65degrees
(measurediovn from the horizon). The largesterrorsfor
both e and z, occurredat 25 degrees,the pointing angle
closesto thehorizon.Evenatthisangle errorsof 3 degrees
in the cameraestimateproducedelatively smalldeviations
in the features. The largestparallaxfit errore was0.2m,
which is well within the experimentallyderived threshold
of 0.67mandlessthanerrorsdueto tracking. The largest
deviationin theheightestimatez, wasalsorelatively small:
the objectheight(10m)wasestimatedo be 11.3m. Thisis
anerrorof 13%,well within the errorrangethatcanbe ex-
pectedfrom tracking. In summary the parallaxdetection
methodpresentechereis relatively insensitve to pointing
angleerror, which is a commonsourceof errorsin georef-
erencedlata.

3. Detectionand classificationof interactions

Given the obsened motionsof multiple objectson the
groundplane,a richer understandingf whatis going on
canbe achieved by detectingdistincttypesof interactions
betweerthe objects.For example,considerthe casewhere
anobjectis seermaving for awhile, it stops,andthensoon
afterwardandnearto wherethe objectstoppedanotherob-
ject startsmoving andcontinuesor sometime. Thereis a
goodchancethat the two objectsareinteracting,but what
morecanwe deducegivenonly low-resolutioninformation
aboutthe objectmotions? If we knew thatthe first object
is a personandthe secondis a vehicle, thenit would be
mucheasierto concludethat we were observinga vehicle
“pullout” event, ratherthana “parking” event. In this sec-
tion, we study for the domainof person-ehicle interac-
tions, the classificationof both the interactionandthe ob-
jectsinvolvedby analyzinghow theinteractionis executed
(i.e.,themotionsof the objects).

We consideiinteractiongnvolving a pair of objects,and
usethe relative position andtiming of their detection,as
well asthelow-resolutionmotioncharacteristicef thetwo
objects,to detectand classifythe event. Two basictypes
of low-resolutionmotioninformationareavailable: thetra-
jectory of eachobjectrelative to the groundandthe coarse
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Figure7: Exampleof a“pullout” event. (a) A video framewith
tracksof a personin black,andthevehiclehe getsinto anddrives
away in white. Thetrackshave beengeoreferencedndthenpro-
jectedonto a frame taken whenthe personhad alreadystopped
andthevehiclehadstartedmoving (barelyvisible underits white
track). (b) Theblackcurve is thedistancehe persoraccumulated
over time for thelast 3-secondntenal of his movement,andthe
grey curweis distanceaccumulatedor thevehicle(aftertheperson
stoppedYor thefirst 3 second®f its movement.

changesn eachobjectsimageasit movesovertime. Both
say somethingabouthow the objectis performingits ac-
tions.

Picturea vehicle cominginto view and stopping; now
picturea persondoing the samething. Becausef its mass
andhow it is driven,avehiclewill typically deceleratever
alongerperiodof timethanaperson.n fact,sincewe need
a certainminimum speedto detectthe objectin the first
placeanda minimum periodof time to measurghe accel-
erations,the deceleratiorof a personstoppingin airborne
videois oftennotobsenable. Thesituationis alsothesame
for accelerationsf vehiclesandpeoplestartingtheir move-
mentsfrom a full stop. Figure7(a) shavs a framefrom a
vehicle pullout event. The blacktrack represents person
approachingand then stoppingto getinto a vehicle, and
the white track representshe movement,sometimelater,
of the vehicledriving away. The motion characteristicef
thetwo objectscanbeappreciatedby plotting the georefer
enceddistanceaccumulatedvertimefor thelast3 seconds
of the person(SeeFigure 7(b), black curve) andthefirst 3
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Figure8: Distributionsof velocity and acceleratiorfeaturesfor

people(black)andvehicles(grey) modelecasGaussiansia) Peak
velocity for thefirst 5 seconds(b) Accelerationfor the samepe-
riod. (c) Peakvelocity for thelast5 seconds(d) Acceleratiorfor

thesameperiod.

secondf the vehicle(grey curve). Obsene therelatively
straightcurve of the personwalking andthe moreapparent
accelerationn thevehiclestartingup.

If we approximatehe acceleratiorof the vehicleasbe-
ing relatively constantover an interval of sizeT', andthe
persons accelerationas being more abruptand then flat
thereaftein the sameinterval, thenwe candifferentiatethe
two objectshy fitting the distanceover time in theinterval
with a quadraticandusingtwo timesthe second-ordeterm
for ameasuref acceleratiorm. For the caseof thevehicle,
a shouldbe large if the averageacceleratiorin the inter-
valis large (which is the differencebetweerbeginningand
endingspeeds)But for the persons casethemodelshould
notfit aswell, andtheacceleratioffieaturea shouldbemuch
lowerthanexpectedyiventhebeginningandendingspeeds.
Basically thequadratiowill fit theroughlystraightcurve of
the persons accumulatedlistancewith an almoststraight
line. In the examplein Figure7, T is 3s, a for the vehi-
cleis 1.38m/s?, anda for the personis 0.14m /s, which
actually hasthe wrong sign andis probablya productof
detectiomoise.

Vehiclesandpeoplealsotendto attaindifferentspeeds,
which canbeestimatedy evaluatingtheabove quadraticat
time T before(after) the objectstops(starts). For this ex-
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Figure9: Correlationbetweenrevery pair of imagesof a tracked
objectwithin a 100frameintenal . At every (row, column)posi-
tion thereis a correlationvaluefor a differentpair of imagesdark
representdigh correlation. (a) Correlationmatrix for a person.
(b) Matrix for avehicle.

ample thevelocityv is4.1m/s for thevehicleandl.4m/s
for the person.Figure8 shaws thedistributionsof v anda
for 41 eventsamplesandaninterval T of 5s, wherethedis-
tributionsaremodeledas Gaussiansin eachcase thereis
asignificantspreadn thedistribution, but enoughdistance
betweerthe vehicleandpeoplemeandor the four features
to beusefulin classifyingthe events.Someof the spreads
dueto incompletedetectionandtrackingof theobjects:the
periodof acceleratiomr peakvelocityis sometimesnissed.
Obsene thatthe acceleratiorspreads greaterfor vehicles
thanpeoplethisis probablybecaus¢hevehicleslargesize
andrelatively low texturein the top surfacecreatesmulti-
ple detectionsvhoseocalizationaboutthevehicleimageis
unstable Improvedvehicletracking,suchis in thework of
[13], shouldhelpthe acceleratiorestimatesignificantly It
isimportantto notealsothatgeoreferencettajectoriehave
the advantageover ungeoreferenceiinagetracksof being
invariantto viewing conditions.

In [3], anaspecbf the coarseamagevariation,periodic-
ity, is usedto classifywalking peopleversusvehicles. We
exploit this feature,aswell asthe aspectf the georefer
encedtrajectorydiscussedbore. To computeperiodicity,
theobjectsimagein eachframeis correlatedvith itsimage
in all otherframeswithin sometime interval of sizeN, typ-
ically around100frames.The NxN correlationsareplaced
in a matrix, whereeach(row, column)locationrepresents
a differentimagepair. Figure 9(a) shaws the regular pat-
ternof correlationvariationasa personmovesthroughthe
differentphaseof walking, while 9(b) shaws the lack of
variationtypical for vehicles. The periodicity featureis a
function of the clarity and regularity of this pattern,mea-
suredusingvarioussignalprocessingtepsdiscussedh [3].
In our system,it is scaledsothat0.0is no evidenceof the
walking patternandl.0is thestrongesevidenceof thepat-
tern.
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Figure 10: Distribution of periodicity valuesfor people(black)
andvehicles(grey) modeledashalf-Gaussians.

Periodicityis a usefulfeatureto exploit for our discrim-
inationtasks.However, it is ofteninconsistentn situations
wherethe backgrounds highly textured,the objectsizeis
very small or the object-backgroundontrastis poor In
our domain,all threeof thesecanhappen. In [2], Cutler
reportsthe resultsof applyinghis measureo objectsfrom
thevideo sequencestudiedin this paper He foundafalse
negative rate of 73%for detectingpeoplewhensettingthe
periodicity thresholdto rejectall vehicles,and concludes
thatthe backgroundntensityvariationhasa strongimpact
on the results. In this study we enhancecdis featurein
someways and found improved performance. Sincethe
mostcommonfailure of the approackhis not observingthe
periodicity clearly whena personis walking, we compute
periodicity every 50 framesand use the maximum score
acrosghewholetrajectoryastheperiodicityfor theobject.
We also usefiltered (smoothed)bjecttracksto betterlo-
calizetheimagefor correlation.With theseenhancements,
a personis misclassifiedabout50% of the time whenthe
periodicity thresholdis setasabove. Figure 10 shows the
periodicity distribution for peopleandvehiclesmodeledas
half- Gaussians.

Giventhe featuresof the trajectory(velocity andaccel-
eration)and the image variation (periodicity) for the two
objectsinvolvedin aninteractionwe have six featureghat
canbe usedtogetherto discriminate‘pullout” eventsfrom
“parking” events.

3.1 Object interaction experiments

In the experimentspresentechere, object interactions
weredetectedandclassifiedbasedon spaceandtime rela-
tionshipsbetweerthe detectedbjects,andthe six motion
features.

For eachvideo sequencedested,we first removed the
detectedparallaxartifactsin the mannerdiscussed.Since
moving vehicleswereoftenfragmentednto asmary as10
separatandsimultaneousegionsof motion, regionsmov-



ing in acloseclusterwereautomaticalygroupedandtreated
asa unit. The motion featuresof all the trajectoriesin a

groupwere averagediogetherto further tightenthe distri-

bution of their values.

Interactions were then detected between trajectory
groups. An interactionevent was detectedfor every pair
of groupsthathas(1) the correcttime relationship(2) spa-
tial proximity and (3) high enoughprobability of being of
type“pullout” or “parking”. To havethecorrecttime, all the
detection®f thesecondyroupmusthapperstrictly afterall
thedetection®f thefirst. To becloseenoughtheminimum
distancebetweerendingpointsof thefirst groupandbegin-
ning pointsof the secondgroup mustbe within 8m. (This
tolerancdargely reflectsincompletetracking.) Finally, the
pair mustbe classifiedaseither“pullout” or “parking” with
a probability of at least0.8. The probabilitieswere esti-
matedby applyingBayes’formulato the densityfunctions
of the six featuresshavn above, assumingindependence
andthatthetwo eventsareequallylik ely.

In a collection of 10 videos containinga total of 30
events(15 of eachtype), all but one of the actualevents
werecorrectlydetectedandclassified with no falsedetec-
tions. The singlemissedpullout eventwasdueto afailure
to detectthe personapproachinghe vehicle. The exam-
ple in Figure7 wascorrectlyclassifiedas“pullout” with a
probabilityof 0.95.

4. Conclusions

In this paper we demonstratéhatgeoreferencettajec-
toriescontainusefulinformationthatcanhelpdiscriminate
independentnotionfrom parallaxartifactsandclassifyob-
jectsandtheir interactions.Our methodof detectingparal-
lax artifactswas experimentallydemonstratedn over one
hundredtrajectories. It was shovn by simulationthat the
methodis ableto detectindependentmotionevenwhenthe
motionis relatively slow andin adirectionvery closeto that
expectedor parallax.lt wasalsoshovn thatthediscrimina-
tion rateis insensitve to camergpointing angleerrorsthat
arewithin practicalranges Our methodwasdevelopedand
testedusingairbornevideo;however, we alsoexpectit to be
appropriatevhen&er the cameramotionis known relative
to anobseredsurface.

In thesecondartof the paperwe shav how objectsand
eventscanbe classifiedusingfeaturesf the georeferenced
trajectories suchasthe durationof acceleratiormeasured
during critical partsof the events. In our experimentswe
exploitedtheserajectoryfeaturesaswell asthe periodicity
of imagemotion,to classifyeventsin thedomainof person-
vehicleinteractions.Our approactshouldalsobe usefulin
other contets, suchas cameragnountedon buildings, as
in [12]. In future work, we plan to combinethe features
with additionalones,including objectshapeandsize,and

perhapshe shapeof the trajectoriesto enhancediscrimi-
nationof objectsandevents.
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