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ABSTRACT

In this paper we proposea framewvork for multi-cameravideosuneil-
lance. Our frameavork addressesthe detection,represenation,and
recanition of motion events. The detectionphasehandlesspatio-
tempoal datafusionfor efciently andreliably extractingmotiontra-
jectoriesfromvideo. Thereprsentationphasesummarizesaw tra-
jectory data to constructa hierarchical, invariant, and content-rid
representationof the motion events. Finally, the recanition phase
dealswith learning using imbalancedtraining datasetsand in nite-
dimensionaldata that also exhibit tempoal ordering Due to space
limit, only the following two componentsrediscussedn the paper:
fusing spatio-temporainformationfrom multiple camerasourcesand
characterizin@nddetectingsuspiciousuneillanceevents.

For fusing multi-sourcedatafrom cameraswith overlappingspatial
andtemporalcoverage,we proposea novel methodthat usesa two-

level hierarchyof Kalman Iters to constructcoherentand invariant
eventdescriptors.Oncethe event descriptorsare constructedyve de-

vise a sequence-alignmeternel function to perform sequencelata
learningfor detectingsuspiciousevents. Whenthe positive training

instancegi.e., suspiciousvents)aresigni cantly outnumberedy the

negative traininginstancesSVMs cansuffer from high event-detection
errors. To remedythis problem,we proposean adaptve conformal
transformatioralgorithmto work with the sequence-alignmekernel.

Throughempiricalstudyin aparking-lotsuneillancesetting,we shav

thatour spatio-temporalusionschemecanef ciently andreliably re-

constructsceneactiities, andthatour learningmethodis highly effec-

tive in identifying suspiciousvents.

1. INTRODUCTION

United Stategolicymalers,especiallyin securityandintelligenceser
vices,areincreasinglyturningtowardvideosuneillanceasameango
combatterroristthreatsandarespons¢o the public's demandor secu-
rity. With the proliferationof inexpensve camerasndthe availability
of high-speedhroad-banchetwork, it hashecomeeconomicallyand
technicallyfeasibleto deploy a large numberof cameragor outdoor
securitysuneillance. However, severalimportantresearchguestions
mustbe addressedbeforewe canrely uponvideo suneillanceasan
effective tool for crime prevention.

In this paperwe proposea frameavork for multi-cameravideosuneil-
lance. Our framework addresseshe detection,representationand

recogntiorof motionevents.Thedetectiorphaseénandlespatio-temporal

datafusion for efciently andreliably extracting motion trajectories
from video. Therepresentatiophasesummarizesaw trajectorydata
to construci hierarchicaljnvariant,andcontent-rictrepresentatioof

the motion events. Finally, the recognitionphasedealswith learning
usingimbalancedraining datasetsndin nite-dimensionaldatathat
alsoexhibit temporalordering. Due to spacdimit, we will focusour

discussioronthefollowing coreresearchproblemsof building amulti-

camerasuneillancesystem:namely spatio-temporatiatafusion,and
eventcharacterizatioanddetection.

Spatio-tempal datafusion Objectsobsered from multiple cam-
erasshouldbe integratedto build spatio-temporapatterns.Suchin-
tegrationmusthandlespatialocclusionandtemporalshift (e.g.,cam-
erarecordingwithout precisetiming informationandwith different
framerates).In addition,a motion patternshouldnot be affectedby
varying camergposesandincidentalervironmentalfactorsthat can
alter objectappearanceWe formulatethe multi-sourcedata-fusion
solutionasatwo-level hierarchyof Kalman lters. At thebaselevel
of the hierarchy eachKalman lter estimates,independentlythe
position, velocity, and acceleratiorof the target objectin the local
camen refeenceframe At thetop level, we useoneKalman lter
to registerthe position, velocity, and acceleratiorof the vehiclein
the global camenr refeenceframe An importantfeaturein this hi-
erarchicalfunctionis thatwe allow both bottom-updatafusionand
top-davn informationdisseminatiorno improve therobustnessf the
solution.We presenthedetailsin Section2.
Eventcharacterizationanddetection Eventdeteciordealswith map-
pingmotionpatterngo semanticge.g.,benignandsuspiciougvents).
TraditionalmachindearningalgorithmssuchasSVMs anddecision
treescannotbe directly appliedto suchin nite-dimensional data,
which also exhibit temporalordering. Furthermore positive events
(i.e., the sought-forhazardousvents)are always signi cantly out-
numberedby negative eventsin the training data. In suchanim-
balancedset of training data, the classboundarytendsto skew to-
wardsthe minority classand becomesvery sensitve to noise. (An
exampleis presentedn Section3.3 to illustrate this problem.) For
effective sequence-dataatchingwe rst discretizeacontinuousse-
guence We shav thatour sequence-alignmekernelis a legitimate
kernelfunctionto be usedwith SVMs. For tacklingtheimbalanced
training-dataproblem,we proposean adaptve conformaltransfor
mation (ACT) algorithm,which conformally and adaptvely spread
theareaaroundthe class-boundargutward onthe Riemanniarman-
ifold whereall mappeddataare located. We presentthe detailsin
Section3.

One particularapplicationscenariowe utilized to evaluateour algo-



rithmsis detectingsuspiciousactiitiesin a parkinglot. Ourempirical
studyshaws thatour spatio-temporausionschemeanef ciently and
reliably reconstrucsceneactivities evenwhenindividual camerasnay
have spatialor temporallapsesandthat our sequence-alignmeher
nel and ACT algorithmare highly effective in identifying suspicious
events.

The restof the paperis organizedasfollows. Section2 presentghe
hierarchyof Kalman lters for fusing spatio-temporatiata. Section3

tion is thenhow to bestestimate given

We formulatethe solutionasa two-level hierarchyof the Kalman I-
ters. Referringto Fig. 1, at the bottomlevel of the hierarchy we em-
ploy for eachcameraa Kalman lter to estimate,jndependentlythe
position , velocity , andacceleration of the vehicle,
basednthetrackedimagetrajectoryof thevehiclein thelocal camen
refeenceframe Or in theKalman Iter jargon,the position,velocity,
andacceleratiorvectorsestablishthe “state” of the systemwhile the

presentgventcharacterizatioanddetectiormethods Sectiord presentdmagetrajectorysenes as the “obsenation” of the systemstate. At

empiricalresults. In Section?? we discussrelatedwork. Finally, in
Section5 we offer concludingremarks.

2. MULTI-SOURCE FUSION

We usethe Kalman Iter [2, 12] asthe tool for fusing information
spatially and temporally from multiple cameras. The Kalman Iter
is an optimal linear data-smoothin@nd predictionalgorithm. It has
beenappliedextensvely in control, signalprocessingandnavigation
applicationssinceits introductionin 1960. Our novel contrikution is
in usingtwo-level Kalman lters to fusedatafrom multiple sources.

Figure 1: Two-level hierarchical Kalman Iter con guration
TheKalman Iter hasbeenwidely usedto estimateheinternalstateof
asystembasedntheobsenrationof thesystems externalbehaior [2,
12]. Furthermorea systems stateestimatecanbe computedandthen
updatedby incorporatingexternalmeasurementseratively—without
recomputingthe estimatefrom scratcheachtime a nev measurement
becomesvailable. Suchan iterative procesds optimal in the sense
thatthe Kalman lIter incorporatesll availableinformationfrom past
measurementsyeightedby their precision. Optimal information fu-
sionis achiezed by combiningthreefactors:(1) knowvledgeof the sys-
tem andmeasuremendevice dynamics,(2) the statisticaldescription
of the systemnoises measuremengrrors,anduncertaintyin the sys-
tem model, and (3) relevantinitial statedescription[12]. While the
Kalman Iter is optimal only amonglinear estimatorsandwhencer
tainassumptionaboutthenoiseprocessearevalid, it is easyto imple-
mentandis ef cient atruntime. Work hasalsobeendoneon relaxing
someof the assumptionssuchasthe Gaussiamoiseassumptiorand
thelinearity assumptiorj11].

Supposehatavehicleis moving in the parkinglot, whosetrajectoryis
describedn theglobalreferencesystenby
Thetrajectorymaybeobseredin camera, as

where (  is thenumberof camerasised) Theques-

Theremight be multiple moving vehiclesin a busy parkinglot, and
it may be dif cult to synchronizethe actwities obsered in multiple
cameras.The questionis thenhowv we disambiguatehe correspon-
denceof multiple trajectoriesboth spatially and temporally Spatial
andtemporaltrajectorycorrespondenceanbe establishedhroughthe
cameraegistrationandstereopsisorrespondenggrocessef3, 4, 7,9,
10, 13, 14, 15], which arewell establishedechniquesn photogram-
metry and computervision. For our discussionwe will assumehat
theseproblemscanbe solvedandwe canachieve spatialandtemporal

the top level of the hierarchy we usea single Kalman lter to esti-
matethevehicle's position , velocity , andacceleration

in the global world refeenceframe—this time, using the estimated
positions,velocities,andaccelerationérom multiple camerag ,

, ) asobsenrations(the solid feed-upvard lines in Fig. 1).
This is possiblebecauseameracalibrationandregistration[3, 7, 10,
14, 15] are usedfor deriving the transformmatrix
This matrixallows , measuredn thereferencerameof an |nd|V|d-
ualcamerato berelatedo P in theglobalworld system We alsoallow
disseminatiorof fusedinformationto individual cameragthe dashed
feed-devnwardlinesin Fig. 1) to helpto guideimageprocessing.

3. EVENT REPRESENTATION AND EVENT
DETECTION

In this sectionwe rst depicthow aneventis characterizedWe then
designa sequence-alignmekernel function to work with SVMs for

event detection. Finally, we proposeusing adaptve conformaltrans-
formation,whichadaptvely modi es theresolutionin themetricspace
to dealwith theimbalancedraining-datgproblem.

3.1 Event Descriptors

We rst segmenta raw trajectoryfusedfrom multiple camerasinto
fragments.Using a constrainedptimizationapproachunderthe EM
(expectation-maximizationframenork, we thenlabelthesefragments
semantically(e.g.,afragmentrepresenting left turn action). We ap-
proximatethe acceleratiortrajectoryof a vehicleasa piecavise con-
stant(zeroth-order)or linear ( rst-order) functionin termsof its di-
rectionandits magnitude Whenthe magnitudeof accelerations rst
order( in Eq.1), it givesriseto amotiontrajectorythat
is aconcatenationf piecavise polynomialsthatcanbeashigh asthird
order(cubic). This is often consideredsufcient to describea multi-
tudeof motioncurvesin therealworld (e.g.,in computeraideddesign
[6] andcomputergraphicg8], piecavisethird-orderHermite, Bezier,
and B-spline curves are universally usedfor designand manufctur
ing). We chopthe whole acceleratiorirajectory , from

to (where[ , ] is thetime interval thata vehicleis ob-
sened by oneor moreof the suneillancecameras)nto, say pieces
suchthat and

@

We emplo/ aniterative expectationrandmaximization(EM) algorithm
[5] to segmenttrajectories.The EM algorithmconsistsof two stages:
(1) The E-stagehypothesizeshe numberof segmentsandtheir start
andstoplocations,and(2) the M-stageoptimizesthe tting parame-
tersbasedon the startandstoplocationsandthe numberof segments
from the E-stage . Thesetwo stepsiterateuntil the solutioncornverges.
Table 1 sketchesthe pseudo-codef the algorithm (using tting
asanillustration).

registrationof vehicletrajectories.



raple L7 The motion event segmentationprocess

1.) Initialization : Computea linear t to the
and , we have

2.) Re nement: Computelocation in between and

where

3.) lteration: If
rst two stepsusingthesetwo new intenvals.

cune betweenthe speci ed end points, denotedas

is abore a presetthreshold breakthe curve into two sections

. Using the notation

@)
asthelargestdeviation of thetrue acceleratiorcurve from the tting,
®3)
4
and andrepeathe

We labeleachsegmentedragmentbasednits acceleratiormndveloc-
ity statistics.More speci cally, we denotethe initial vehiclevelocity
wheneachsggmentstartsas  , which canbeeitherzeroor nonzero.
TheacceleratiofEq. 1) canbeeitherof a constanbr linearly-varying
magnitudeand/orof a constantor a linearly-varying direction. For

example, if , the motion patternis either “constantspeed”or

“stop”’ Segmentationbasedon is meaningfuland necessarnponly

when L If , possiblemotion patternsinclude “speed
up;’ “slow down,” “left turn;” and“right turn? “Speedup” and“slow

down” canbe determinedy the signof . “Left turn” and“right

turn” aredeterminedy thesignof f itisa
right turn, otherwisejt is aleft turn.

3.2 SequenceéAlignment Learning

In the previous section,we have labeledeachsegmentediragmentof
atrajectorywith a semantidabel andits detailedattributesincluding
velocity and acceleratiorstatistics. For corvenience we usea sym-
bol to denotethe semantidabel,e.g., R’ represent$RightTurn; "L’

representsLeftTurn; etc. We label eachsegmentwith a two-level

descriptor:a primary segmentsymbolanda setof secondaryariables
(e.g.,velocity andacceleration)We use to denoteasequenceyhich
compriseshe concatenatiof segmentsymbols , Where is
the legal symbolset. We use  to denotethe vectorof the  sec-
ondaryvariable.

Thefollowing exampledepictsa sequencevith this two-level descrip-
tor. Sequence denotegshesggmentedrajectorywith  representing
thevelocityand theaccelerationFor velocity andaccelerationywe

usetheir averagevaluestakenplacein a sgment.

Now, the trajectorylearningproblemis corvertedto the problemof
sequence-dataarningwith secondaryariables.For this purposewe
constructnaew sequence-alignmekérnelthatcanbeappliedto mea-
surepairwise similarity betweersequencewith secondaryariables.

3.2.1 TensorProductKernel

The sequence-alignmeikiernelwill take into consideratiorboth the
degreeof conformity of the symbolicsummarizationandthe similar-
ity betweenthe secondarynumericaldescriptions(i.e., velocity and
acceleration)of the two sequences.Two separatekernelsare used
for thesetwo criteria and are then combinedinto a single sequence-
alignmentkernelthroughtensorproduct Theseareexplainedbelaw.

Let be a compositestructureand be its “parts”,
where , ,and isapositiveinteger For
oursequenceata, isasequencavith bothprimarysegmentsymbols
andsecondaryariables.Let  denoteits primary symbolsequence,
andeachother beits secondaryector Assumethat
arenonemptysets. We de ne the tensorproductkernel as

follows:

De nition 1. Tensor Product Kernel. Given

and R | S are (positivede nite)
kernelsde nedon respectivelythentheir tensor
product, , de nedon is

Sincekernelsare closedunderproduct[?], it is easyto seethatthe
tensorproductkernelis positive de nite if eachindividual kernelis
positive de nite.

3.2.2 Sequence-alignmeKernel

To measurehe similarity betweentwo sequencesyur ideais to rst

comparetheir similarity at the symbollevel. After the similarity is
computedat the primary level, we considerthe similarity at the sec-
ondaryvariablelevel. We thenusethe tensorproductkernelto fuse
thesimilarity atthe primaryandsecondaryevel.

At the primary (sggment-symbol)level, we use kernel to
measuresymbol-sequenceimilarity. We de ne asajoint
probability distribution (p.d.) thatassignsa higherprobabilityto more
similar sequenceairs. We emplg pairs-HMM (PHMM) [?], agen-
erative probability model,to modelthe joint p.d. of two symbolse-
guences.(Noticethat PHMM is differentfrom HMM, which aimsto
modeltheevolutionof individual sequencelata.)

A realizationof PHMM is a sequencef statesstartingwith START
and nishing with END; andin betweertherearethreepossiblestates:
statesAB, A, andB. StateAB emitstwo symbols,stateA emitsone
symbolfor sequence only, andstateB emitsonesymbolfor sequence
only. StateAB hasan emissionprobability distribution for
emittinganaligned , andstatesA andB have distributions
and |, respectiely, for emittinga symbolagainstagap,suchas
and . Parameter denoteshetransitionprobability from
AB to aninsertgapstateA orB, theprobabilityof stayingin aninsert
state,and the probability of a transitioninto the END state. Any
particulampairof sequences and maybegeneratethy exponentially
mary differentrealizations Thedynamicprogrammingalgorithmscan
sumover all possiblerealizationsto calculatethe joint probability of
ary two sequencesThe overall computationatompleity is ,
inwhich and arethelengthsof thetwo sequencesespectiely.

To computehesimilarity atthesecondaryevel, we canconcatenatall
variablesinto onevector andemploy atraditionalvectorspacekernel
suchasan RBF function. Let denotesucha kernelmea-
suringthe distancebetween and . (Noticethatvectors and
maydiffer in lengthsince and mayhave differentlength. We will
discussshortly how we align two vectorsinto the samelengthvia an
example.)Finally, we de ne thetensomproducton

as

®)

In the following we presentan exampleto shaw the stepsof comput-
ing similarity betweentwo sequencesising our sequence-alignment
kernel.



Example 1:

Supposeve have two sequences and asdepictedabore.
The similarity betweenthe sequencess computedin the following
threesteps:

Step 1. Primarysymbol-level similarity computation:

By using PHMM, we can obtain the joint p.d. between
symbolsequences and . As a partof the PHMM computation,
two sequencearealignedasfollows:

Step2. Secondaryariable-lerel similarity computation: .
Theunalignedpositionsin  and arepaddedby zero. We obtain
two equal-lengthvectors,and cancomputetheir similarity by using
atraditionalSVM kernel,e.g.,anRBF function.

Step3. Tensorfusion:

Thereare threeadwantagesof the abore sequence-alignmeikernel
First, it canuseary sequence-alignmemtigorithmsto obtaina pair-

dataratios,wherea blackdotwith a circle represents supportvector
and its radiusrepresentshe weight value  of the supportvector
The biggerthe circle, the largerthe . Figure2(a) shavs the SVM
classboundarywhentheratio of the numberof negative instancegin
the quadrantabore) to the numberof positive instancegin the quad-
rantbelaw) is . Figure2(b) shavs the boundarywhentheratio
increaseso . Theboundaryin Figure2(b) is muchmore
skewedtowardsthepositive quadranthantheboundaryin Figure2(a),
andhencecauses higherincidenceof falseneggatives.

While the Bayesianframework givesthe optimal results(in termsof
the smallestaverageerror rate) in a theoreticalsenseone hasto be
carefulin applyingit to real-world applications. In a real-world ap-
plication suchas security suneillance, the risk (or consequenceyf
mispredictinga positive event (a falsenegative) far outweightsthat of
mispredictinga negative event (a falsepositive). It is well known that
in abinaryclassi cationproblem,Bayesiarrisksarede ned as:

(6)

where and referto the positive and negative events,respectiely,

refersto therisk of afalsenegative,and  therisk of afalsepos-
itive. Which action( or ) totake—orwhich actionhasasmaller
risk—is affectednotjust by the eventlik elihood(which directly in u-
encedhemisclassi cationerror),but alsoby therisk of mispredictions
( and ).

For securitysuneillance positive (suspiciousgventsoftenoccurmuch
lessfrequentlythannegative (benign)events. This factcausesmbal-

wise probability distribution for measuringvariable-lengthsequence anceditraining data, and therebyresultsin higherincidenceof false
similarity. (Again, we employ PHMM to performthe measurement.) negatives. To remedythis boundary-skw problem, we proposean
Secondthekernelconsidersiot only thealignmentof symbolstrings  adaptie conformaltransformatioralgorithm. In the remaindef this

but also secondaryariables,makingthe similarity measuremernte-
tweentwo sequencesnore informative. Third, comparedwith the

section,we rst outline how our prior work [?] dealswith the prob-
lemin avectorspacg(Section3.3.1). We thenpresenbur solutionto

SVM-Fisherkernel(discussedh Section??), our sequence-alignment sequence-datiearningwhere a discretizedvariable-lengthsequence

kerneladdstheability to learnfrom negative traininginstancesaswell
from positive traininginstances.

3.3 Imbalanced Learning via Adaptive Confor-

mal Transformation

Skewed classboundaryis a subtlebut severeproblemthatarisesn us-
ing an SVM classi er—in factin usingany classi er—for realworld
problemswith imbalancedtraining data. To understandhe nature
of the problem, let us considerit in a binary (positive vs. negative)
classi cation setting. Recall that the Bayesianframewvork estimates
the posteriorprobability usingthe classconditionalandthe prior [?].
Whenthe training dataare highly imbalancedjt canbe inferredthat
the stateof the naturefavors the majority classmuch more thanthe
other Hence whenambiguityarisesin classifyinga particularsample
becausef similar classconditionaldensitiesfor the two classesthe
Bayesiarframewvork will rely onthelargeprior in favor of themajority
classto breakthetie. Consequentlythe decisionboundarywill skew
toward the minority class.

To illustratethis skew problemgraphically we usea 2D checlerboard
example.Thecheclerboarddividesa squarento four quad-
rants.Thetop-leftandbottom-rightquadrantgontainnegative (major

ity) instanceswhile the top-right andbottom-leftquadrantsare occu-
piedby positive (minority) instancesThelinesbetweertheclassesre
the “ideal” boundarythat separatethe two classes.In therestof the
paper we will usepositivewhenreferringto minority instancesand
negativewhenreferringto majority instances.

Figure 2 exhibits the boundarydistortion betweenthe two left quad-
rantsin thecheclerboardundertwo differentnegative/positie training-

may not have avectorspaceaepresentatiofSection3.3.2).
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3.3.1 ConformalTransformatiorin a Vlector Space

In [?], we proposedeature-spacadaptve conformaltransformation
(ACT) for imbalance-datéearning. We shaved that conductingcon-
formal transformationadaptvely to datadistribution, and adjusting
the degree of magni cation basedon feature-spacelistance(rather
thanbasedon input-spacelistanceproposedby [1]) canremedythe
imbalance-datéearningproblem.

A conformaltransformation,also called a conformal mapping,is a

transformation which takesthe elements to elements
while preservinghelocal angleshetweertheelementsafterthe

mappingwhere isthedomainin whichtheelements reside[?].

Kernel-basednethods,suchas SVMs, introducea mappingfunction
whichembedghetheinputspace into a high-dimensionafeature



space asa curned Remanniarmanifold wherethe mappeddata

reside[?]. A Riemanniarmetric isthende nedfor ,whichis
associatedavith thekernelfunction
N _ X X X X (7)

Themetric  shaws how alocal areaaround inX Xis magni ed in
underthe mappingof . Theideaof conformaltransformatiorin
SVMs is to enlage the magin by increasingthe magni cation factor
aroundthe boundary(representedby supportvectors)andto
decreasét aroundthe otherpoints. This could be implementedby a
conformaltransformatiorof the relatedkernel accordingto
Eq. 7, so that the spatialrelationshipbetweenthe datawould not be
affectedmuch[1]. Sucha conformaltransformatiorcanbe depicted
as

X X X X X X (8)
where is a properlyde ned positive conformalfunction.  x
shouldbechoserin away suchthatthenew Remanniammetric ~ x ,

associatedvith the new kernelfunction  x x , haslarger values
nearthedecisionboundary Furthermoreto dealwith the skew of the
class-boundaryve magnify ~ x morein theboundaryareacloseto
theminority class.An RBF distancefunctionsuchas

9)

X _—
isagoodchoicefor x .

To re ect the spatialdistribution of the supportvectorsin , we hope
thatthe  (the magni cation factorin the neighborhoodf support
vector ) would besmallerfor theareain featurespace wherethe
supportvectorsare dense,so asto geta larger magni cation metric
x ; otherwise shouldbelargerfor theareain  wherethesup-
portvectorsarescarceln thisway, canbechoseras

(10)

wherethe averagecomprisesall supportvectorsfalling into its neigh-
borhoodwith theradiusof  but having different classlabelswith
. Here, istheaveragedistanceof the nearesandthefarthest
supportvectorfrom . Choosing in this way takesinto consider
ationthe spatialdistribution of the supportvectorsin . Althoughthe

mapping is unknavn, we canplay the kerneltrick to calculatethe
distancen

X X X X X X X X (11)
SubstitutingEq. 11 into Eq. 10, we canthencalculatethe  for each

supportvector which canadaptvely re ect the spatialdistribution of
thesupportvectorin , notin

Whenthetrainingdataseis veryimbalancedtheclassboundarywould
be skewed towardsthe minority classin the input space . In this sit-
uation, the minority supportvectorsare locatedmore closely to the
class-boundarthanthe majority onesin . We thenhopethatthenew
metric would furthermagnifytheareafar away from aminority
supportvectorx sothatthe boundaryimbalancecould be alleviated.
Our algorithmthusassignsa coefcient for the in Eq.10tore ect
theboundaryskew in ~ x . We choosghethesquareof as if
X isaminority supportvector otherwiseit is as . Weempirically
demonstratghat and  are proportionalto the skew of support
vectorsor as —— ,and as —— ,where and

denotethe numberof minority and majority supportvectors,
respectiely. Pleasaeferto[?, 7] for details.

3.3.2 ConformalTransformatiorin a Metric Space
The sequencelatado not residein a Euclideanvectorspace.In this
particularsituation,we cannotdirectly apply our adaptve conformal

transformationmethodfor sequence-datiearning. Fortunately we
canembedheminto ametricspacevia thesequence-alignmekernel

we constructedn Section3.2. We canthenapplytheideaof
adaptve conformaltransformatiorby modifyingthemetricdistancen
this space.
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Figure3: with Different —.
Since is a sequencénstance we cannotchoose asin Eq. 9.
It is impossibleto calculatethe Euclideandistance . In Sec-

tion 3.3.2, we shav that shouldbe chosenin sucha way that
the spatialresolutionof the manifold would be magni ed around
the supportvectors. In otherwords, if atrainingsample is similar
to a supportsequence , its embeddegboint via is closeto the
supportvectorembeddedy the supportsequence (or in its neigh-
borhood), thenshouldbe largersoasto achiere a greatemag-
ni cation. Sinceour sequence-alignmeikernel models
thesimilarity betweerthesequencelata and , we canassumehat
their similarity representgheir distancein a metric space(and vice
versa).Thereforewechoose x as

X B — (12)

where  denoteshesupportsequenceet,and  controlsthemagni-
tudeof . Figure3illustratesa for agivensupportsequence

, wherewe cansee becomesargerwhenasequence is more
similarto  (alarger ), andis shapedrery differently with dif-
ferent . Wethusadaptvely choose as

(13)
In the above equation,the distance betweentwo se-
quencedata and s calculatedvia thekerneltrick as

The threshold  is chosenas the averageof the minimal disté#é)e

andthemaximaldistance . In addition, isscaled
in thesameway aswe did in Section3.3.1for dealingwith theimbal-
ancedtraining-datgproblem.

Figure4 summarizeshe ACT algorithmin sequence-dataarning.We
apply ACT on the training dataset until the testingaccurag
on cannotbe furtherimproved. In eachiteration, ACT adap-
tively calculates for eachsupportsequencéstep ), basedon the
distribution of supportvectorsembeddedy supportsequencem fea-
turespace . ACT scaleshe accordingto the negative-to-positve
support-sequena@tio (steps to ). Finally, ACT updategheker-
nel matrix andperformsretrainingon (steps to ).

Since a training sample is actually not a vectot but a discrete
sequencewe call it a supportsequencef its embeddedpoint via
is asupportvectorin themetricspace.



Input:

) » 0K
Output:
; I* outputclassi er */
Variables:

; I* supportsequenceet*/
; I* distancethreshold*/
; I* asupportsequencé/
; I* parameterof */
; I* classlabelof */
Function Calls:
SVMTrain(
SVMClassify(
ExtractSQ();
ComputeThresh();

*/
*/

, K); I* train SVMclassi er
); I* classify by
[* obtainSQfrom */

/* computedistancethreshold*/

Begin
1

2) ;
3) SVMClassify( );

4) while (

5) SQ ExtractSQ();

6) —_ —_—

7) for each

8) ComputeThresh( );

9) ;
10) if then /* a minority supportsequencé/

11) - ;
12) else/* a majority */
13) _ ;

SVMTrain( , K);

14) X

15) for eachK inK
16) K X X K ;
SVMTrain( K);

SVMClassify( ):
20)return ;
End

Figure4: ACT Algorithm for Learning SequenceData.

4. EXPERIMENTAL RESULTS

We have conductedexperimentson detectingsuspiciouseventsin a

parking-lotsettingto validatethe effectivenessf our proposedneth-
ods. We recordedone hour and a half's video at parkinglot- on

UCSB campususing two cameras.We collectedtrajectoriesdepict-
ing ve motion patterns: circling, zigzay-patternor M-pattern go-

straight, bad-and-forthandparking We classifytheseeventsinto the
benignhandsuspiciouscateyories. The benign-eent cateyory consists
of patterngyo-stmight andparking andthe suspicious-eentcateyory

consistof theotherthreepatterns We aremostinterestedn detecting
suspiciousventaccurately Speci cally, we would like to answerthe
following threequestions:

1. Cantheuseof thetwo-level Kalman lter successfullyeconstruct
motionpatterns?

2. Canour sequence-dateharacterizatiomndlearningmethodsjn
particular thetensorproductkernel,work effectively to fusethede-
greeof comformity of the symbolicsymmarizationandthe similar-
ity beweenthe secondaryescriptions?

3. CanACT reducetheincidenceof falsenegativeswhile maintain-
ing low incidenceof falsepositives?

We usespeci city andsensitvity asthe evaluationcriteria. We de ne
the sensitivityof a learningalgorithm as the ratio of the numberof
true positive (TP) predictionsover the numberof positive instances
(TP+FN)in thetestset,or Sensitvity = TP/(TP+FN).The speci city
is de ned astheratio of the numberof true negative (TN) predictions
over the numberof negative instancegTN + FP)in the testset. For

suneillanceapplicationsyve caremoreaboutthe sensitvity andatthe
sametime, hopefully the speci city will not suffer too muchfrom the
otherside.

Table 2 depictsthe two datasetsa balancedand a skewed dataset,
which we usedto conductthe experiments.The balancedlatasetvas
producedromtherecordedsideo. Wethenaddedsynthetidrajaecories
to producethe skewed datasetFor eachexperimentwe chose of
thedataasthetraining set,andtheremaining asourtestingdata.
WeusedPHMM for sequencalignmentandselectecan RBFfunction
for thatworksthe beston the dataset.(The kernelandthe
parameteiselectionprocessesre ratherroutine, so we do not report
themhere.)We emplo/edthe bestparametesettingsobtainedhrough
runninga ve-foldcrossvalidation,andreportaverageclass-prediction
accuray.

BalancedData Set| SlewedData Set

Table 2: Datasets.

Experiment  : Kalman Iter evaluation

For this experiment,two cameraswere usedto record the activi-
ties in the parking lot. Sampleimagesfor a circling patternare
shavn in Fig. 5(a) and (b).2 We emplo/ed a simple mechanism
for gure-backgroundseparation.As in our currentexperimentthe
cameraimswere x ed,we detectedhe presencef moving objects
by performinga simpledifferenceoperationbetweeradjacentideo
frames.We thenextractedthe moving objectsby anotherdifference
operationwith anadjacenvideoframewith nomotion. TheKalman
Iter wasusedto track the moving vehicles. It helpedin smooth-
ing thetrajectoriesfusingthetrajectoriesrom thetwo camerasand
providing velocity andacceleratiorestimatedrom the raw trajecto-
ries. Fig. 5(c) shavs thefusedraw vehicletrajectoriedrom the two
cameras.Sampleraw and ltered vehicletrajectoriesare shavn in
Fig. 5(d) wherethe black (dark) curwe is the raw vehicletrajectory
andthered (light) curwe is the Kalman ltered andfusedtrajectory
The agreemenbf the two curves demonstratethe effectivenessof
our fusionandtrajectoryreconstructioomethod.

For trajectorysegmentationywe imposedhepiecaviselinearity con-
straintonboth  and of theacceleratiorcurve afterthetrajectory
was segmentedinto two types: where , andwhere

In our experiment,the thresholdfor to be consideredroughly
zerowas0.9. (This level is indicatedasthe horizontaldashedine
in Figs.5(e)and6(c).)

In Fig. 5 (d) and (e), we shav the sampleresultsof sggmentinga
circling pattern. Fig. 5(e) depictsthe , , and cunes
usedin sggmentation.The and trajectoriesestimatedrom the
Kalman Iter areshavn in blackwhile the piecavise linearapproxi-
mationsof thesecurnvesusingthe EM algorithmdescribeeforeare
shavn in red. Verticallinesshav thebegin andendof eachsegment.
For illustration, the boundarieshetweenadjacentsegmentsand the
segmentlabelsareshavn in Fig. 5(d) aswell.

Fig. 6 shavs anotheresultof segmentinganM-pattern.Fig. 6(a)de-
pictstheraw, condensedootagefrom theleft cameraonly. Fig. 6(b)
depictsthe raw (in black) andthe Kalman ltered (in red) trajecto-
ries,and(c)the , ,and cunesusedin sggmentation.
The sgmentboundariesand labelsare superimposean Fig. 6(b).
As canbe seenfrom Figs.5 and 6, the Kalman lter wasableto
smooththe noisy raw trajectoriesandarrived at reasonableelocity

To consere spaceandto betterillustratethe motiontrajectorieswe
superimposedultiple videoframesinto a singlepicturefor display



(@) (b)

(© (d)

(e)

Figure5: A Circling Pattern. (a) and (b) condensedvideo footages
from the left camera, (c) condensedvideo footagefr om the right

camera, (d) raw (black or dark) and the Kalman lIter ed (red or

light) trajectories with segmentboundariesand labels,and (e) ac-
celeration curvesusedin segmentation.

andacceleratiorestimatesAnd our EM segmentatioralgorithmwas
ableto segmentthetrajectoriesnto piecesthatconformedto thein-
tuitive notion of a humanobserer. Theseresultsdemonstratehat
our trackingandsegmentatioralgorithmswork correctly
Experiment  : Sequence-alignmekérnelevaluation

We usedthe balanceddataseto conductthis experiment. We com-
paredtheclassi cationaccurag betweenwhenwe only have the pri-
mary seggmentsymbolsandwhenwe alsotake secondarylescription
velocityinto considerationFigures7(a)and 7(b) shav thatwhenthe
secondarystructurewas consideredboth sensitvity and speci city
wereimproved. The improvementis marked (about ) in sensi-
tivity. In the restof the experiments,we thus consideredoth the
primaryandsecondarynformation.

Experiment  : ACT evaluation

In this experiment,we examinedthe effectivenessof ACT on two
datasetof differentbenign/suspiciousatios. The balanceddataset
(thesecondcolumnin Table2) hasabenign/suspiciousatio of about

@)

(b)

Figure 6: An M-pattern. (a) &%densedvideo footages,(b) raw
(black or dark) and the Kalman Iter ed (red or light) trajectories
with segmentboundaries and labels, and (c) acceleration curves
usedin segmentation.

. Figures7(c) and 7(d) shav thatthe emplgymentof ACT im-
proves sensitvity signi cantly by , Whereast degradesspeci-
city byjust . Next, we repeatedhe ACT teston the skewed
datasef(the third columnin Table 2), wherethe benign/suspicious

ratiois lessthan . Figures7(e)and 7(f) shav thatthe average

sensitvity suffers from a drop from to . After applying

ACT, the averagesensitvity improved to by giving away just
in speci city.

5. CONCLUSIONS

In this paper we have presentednethodsfor 1) fusing multi-camera
suneillancedata,2) characterizingnotionpatternsandtheirsecondary
structure 3) andconductingstatisticalearningin animbalancedraining-
datasettingfor detectingareevents.For fusingmulti-sourcedatafrom
camerawith overlappingspatialandtemporalcoverage we proposed
usinga two-level hierarchyof Kalman Ilters. For characterizingno-
tion patternswe proposedur sequence-alignmeRernel,which uses
tensorproductto fusea motion sequence' symbolicsummarizations
(e.g.,left-turn andright-turn, which cannotbe representeéh a vector
spacerndits secondannumericcharacteristicge.g.,velocity, which



(a) Sensitvity (KernelTest) (b) Speci city (KernelTest))

(d) Speci city (ACT Test— BalancedData)  (e) Sensitvity (ACT Test— SkewedData)

(c) Sensitvity (ACT Test— BalancedData)

(f) Speci city (ACT Test— SkewedData)

Figure 7: Sensitvity and Speci city of ThreeTestCases.

canbe representeih a vectorspace).Whenthe positive trainingin-
stanceq(i.e., suspiciousevents)are signi cantly outnumberedy the
negative traininginstancesywe shavedthatkernelmethodscansuffer
from high event-detectiorerrors. To remedythis problem,we pro-
posedan adaptve conformaltransformationalgorithmto work with
our sequence-alignmekernel. Throughextensie empiricalstudyin
aparking-lotsuneillancesetting,we shavedthatour systemis highly
effective in identifying suspiciousvents.
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