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ABSTRACT
In thispaper, weproposea framework for multi-cameravideosurveil-
lance. Our framework addressesthe detection,represenation,and
recognition of motion events. The detectionphasehandlesspatio-
temporal datafusionfor ef�ciently andreliably extractingmotiontra-
jectoriesfrom video. Therepresentationphasesummarizesraw tra-
jectory data to constructa hierarchical, invariant, and content-rich
representationof the motion events. Finally, the recognition phase
dealswith learning using imbalancedtraining datasetsand in�nite-
dimensionaldata that also exhibit temporal ordering. Due to space
limit, only the following two componentsarediscussedin the paper:
fusingspatio-temporalinformationfrom multiple camerasourcesand
characterizinganddetectingsuspicioussurveillanceevents.

For fusing multi-sourcedatafrom cameraswith overlappingspatial
and temporalcoverage,we proposea novel methodthat usesa two-
level hierarchyof Kalman �lters to constructcoherentand invariant
event descriptors.Oncetheeventdescriptorsareconstructed,we de-
vise a sequence-alignmentkernel function to performsequencedata
learningfor detectingsuspiciousevents. When the positive training
instances(i.e.,suspiciousevents)aresigni�cantly outnumberedby the
negativetraininginstances,SVMscansuffer from highevent-detection
errors. To remedythis problem,we proposean adaptive conformal
transformationalgorithmto work with thesequence-alignmentkernel.
Throughempiricalstudyin aparking-lotsurveillancesetting,weshow
thatour spatio-temporalfusionschemecanef�ciently andreliably re-
constructsceneactivities,andthatour learningmethodis highly effec-
tive in identifying suspiciousevents.

1. INTRODUCTION
UnitedStatespolicymakers,especiallyin securityandintelligenceser-
vices,areincreasinglyturningtowardvideosurveillanceasameansto
combatterroristthreatsandaresponseto thepublic'sdemandfor secu-
rity. With theproliferationof inexpensive camerasandtheavailability
of high-speed,broad-bandnetwork, it hasbecomeeconomicallyand
technicallyfeasibleto deploy a large numberof camerasfor outdoor
securitysurveillance. However, several importantresearchquestions
mustbe addressedbeforewe canrely uponvideo surveillanceasan
effective tool for crimeprevention.

In thispaper, we proposea framework for multi-cameravideosurveil-
lance. Our framework addressesthe detection,representation,and
recogntionof motionevents.Thedetectionphasehandlesspatio-temporal
datafusion for ef�ciently and reliably extracting motion trajectories
from video. Therepresentationphasesummarizesraw trajectorydata
to constructahierarchical,invariant,andcontent-richrepresentationof
the motion events. Finally, the recognitionphasedealswith learning
using imbalancedtraining datasetsandin�nite-dimensionaldatathat
alsoexhibit temporalordering. Due to spacelimit, we will focusour
discussiononthefollowing coreresearchproblemsof buildingamulti-
camerasurveillancesystem:namely, spatio-temporaldatafusion,and
eventcharacterizationanddetection.

� Spatio-temporal data fusion. Objectsobserved from multiple cam-
erasshouldbeintegratedto build spatio-temporalpatterns.Suchin-
tegrationmusthandlespatialocclusionandtemporalshift (e.g.,cam-
erarecordingwithout precisetiming informationandwith different
framerates).In addition,a motionpatternshouldnot beaffectedby
varying cameraposesandincidentalenvironmentalfactorsthat can
alter objectappearance.We formulatethe multi-sourcedata-fusion
solutionasa two-level hierarchyof Kalman�lters. At thebaselevel
of the hierarchy, eachKalman �lter estimates,independently, the
position,velocity, andaccelerationof the target object in the local
camera referenceframe. At the top level, we useoneKalman�lter
to register the position,velocity, andaccelerationof the vehicle in
theglobal camera referenceframe. An importantfeaturein this hi-
erarchicalfunction is thatwe allow both bottom-updatafusionand
top-down informationdisseminationto improve therobustnessof the
solution.We presentthedetailsin Section2.

� Eventcharacterizationanddetection. Eventdeteciondealswith map-
pingmotionpatternsto semantics(e.g.,benignandsuspiciousevents).
TraditionalmachinelearningalgorithmssuchasSVMs anddecision
treescannotbe directly applied to such in�nite-dimensional data,
which alsoexhibit temporalordering. Furthermore,positive events
(i.e., the sought-forhazardousevents)arealwayssigni�cantly out-
numberedby negative events in the training data. In suchan im-
balancedsetof training data,the classboundarytendsto skew to-
wardsthe minority classandbecomesvery sensitive to noise. (An
exampleis presentedin Section3.3 to illustratethis problem.) For
effectivesequence-datamatching,we�rst discretizeacontinuousse-
quence.We show thatour sequence-alignmentkernelis a legitimate
kernel functionto beusedwith SVMs. For tackling the imbalanced
training-dataproblem,we proposean adaptive conformaltransfor-
mation(ACT) algorithm,which conformallyandadaptively spread
theareaaroundtheclass-boundaryoutwardontheRiemannianman-
ifold whereall mappeddataare located. We presentthe detailsin
Section3.

Oneparticularapplicationscenariowe utilized to evaluateour algo-
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rithmsis detectingsuspiciousactivities in a parkinglot. Ourempirical
studyshows thatourspatio-temporalfusionschemecanef�ciently and
reliablyreconstructsceneactivitiesevenwhenindividualcamerasmay
have spatialor temporallapses,andthatour sequence-alignmentker-
nel andACT algorithmarehighly effective in identifying suspicious
events.

The restof the paperis organizedasfollows. Section2 presentsthe
hierarchyof Kalman�lters for fusingspatio-temporaldata.Section3
presentseventcharacterizationanddetectionmethods.Section4presents
empirical results. In Section?? we discussrelatedwork. Finally, in
Section5 we offer concludingremarks.

2. MULTI­SOURCE FUSION
We usethe Kalman �lter [2, 12] as the tool for fusing information
spatially and temporally from multiple cameras. The Kalman �lter
is an optimal linear data-smoothingandpredictionalgorithm. It has
beenappliedextensively in control,signalprocessing,andnavigation
applicationssinceits introductionin 1960. Our novel contribution is
in usingtwo-level Kalman�lters to fusedatafrom multiple sources.

Figure1: Two-level hierarchical Kalman �lter con�guration
TheKalman�lter hasbeenwidely usedto estimatetheinternalstateof
asystembasedontheobservationof thesystem'sexternalbehavior [2,
12]. Furthermore,a system's stateestimatecanbecomputedandthen
updatedby incorporatingexternalmeasurementsiteratively—without
recomputingtheestimatefrom scratcheachtime a new measurement
becomesavailable. Suchan iterative processis optimal in the sense
that theKalman�lter incorporatesall availableinformationfrom past
measurements,weightedby their precision. Optimal informationfu-
sionis achievedby combiningthreefactors:(1) knowledgeof thesys-
tem andmeasurementdevice dynamics,(2) the statisticaldescription
of thesystemnoises,measurementerrors,anduncertaintyin thesys-
tem model,and(3) relevant initial statedescription[12]. While the
Kalman�lter is optimal only amonglinear estimatorsandwhencer-
tainassumptionsaboutthenoiseprocessesarevalid, it is easyto imple-
mentandis ef�cient at run time. Work hasalsobeendoneon relaxing
someof theassumptions,suchastheGaussiannoiseassumptionand
thelinearity assumption[11].

Supposethatavehicleis moving in theparkinglot, whosetrajectoryis
describedin theglobalreferencesystemby
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Theremight bemultiple moving vehiclesin a busy parkinglot, and
it may be dif�cult to synchronizethe activities observed in multiple
cameras.The questionis then how we disambiguatethe correspon-
denceof multiple trajectoriesboth spatially and temporally. Spatial
andtemporaltrajectorycorrespondencecanbeestablishedthroughthe
cameraregistrationandstereopsiscorrespondenceprocesses[3, 4,7,9,
10, 13, 14, 15], which arewell establishedtechniquesin photogram-
metry andcomputervision. For our discussion,we will assumethat
theseproblemscanbesolvedandwecanachieve spatialandtemporal
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We formulatethesolutionasa two-level hierarchyof theKalman�l-
ters. Referringto Fig. 1, at thebottomlevel of thehierarchy, we em-
ploy for eachcameraa Kalman �lter to estimate,independently, the
position �+�
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, velocity .�+�
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, andacceleration/���

�����

of the vehicle,
basedonthetrackedimagetrajectoryof thevehiclein thelocal camera
referenceframe. Or in theKalman�lter jargon,theposition,velocity,
andaccelerationvectorsestablishthe “state” of the systemwhile the
imagetrajectoryservesas the “observation” of the systemstate. At
the top level of the hierarchy, we usea single Kalman �lter to esti-
matethevehicle'sposition
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in the global world referenceframe—this time, using the estimated
positions,velocities,andaccelerationsfrom multiple cameras( ���
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,
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) asobservations(the solid feed-upward lines in Fig. 1).
This is possiblebecausecameracalibrationandregistration[3, 7, 10,
14, 15] are usedfor deriving the transformmatrix 1 �32547678�9�:�;=<�>�? @ .
This matrix allows � � , measuredin thereferenceframeof anindivid-
ualcamera,to berelatedto P in theglobalworld system.Wealsoallow
disseminationof fusedinformationto individual cameras(thedashed
feed-downwardlinesin Fig. 1) to helpto guideimageprocessing.

3. EVENT REPRESENTATION AND EVENT
DETECTION

In this section,we �rst depicthow anevent is characterized.We then
designa sequence-alignmentkernel function to work with SVMs for
event detection.Finally, we proposeusingadaptive conformaltrans-
formation,whichadaptively modi�es theresolutionin themetricspace
to dealwith theimbalancedtraining-dataproblem.

3.1 Event Descriptors
We �rst segmenta raw trajectoryfusedfrom multiple camerasinto
fragments.Using a constrainedoptimizationapproachundertheEM
(expectation-maximization)framework, we thenlabelthesefragments
semantically(e.g.,a fragmentrepresentinga left turn action). We ap-
proximatetheaccelerationtrajectoryof a vehicleasa piecewise con-
stant(zeroth-order)or linear (�rst-order) function in termsof its di-
rectionandits magnitude.Whenthemagnitudeof accelerationis �rst
order( A

�������

AB<DC

�

A

) in Eq.1), it givesriseto amotiontrajectorythat
is aconcatenationof piecewisepolynomialsthatcanbeashighasthird
order(cubic). This is often consideredsuf�cient to describea multi-
tudeof motioncurvesin therealworld (e.g.,in computer-aideddesign
[6] andcomputergraphics[8], piecewisethird-orderHermite,Beźier,
andB-splinecurvesareuniversallyusedfor designandmanufactur-
ing). We chopthewholeaccelerationtrajectory /
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Weemploy aniterativeexpectationandmaximization(EM) algorithm
[5] to segmenttrajectories.TheEM algorithmconsistsof two stages:
(1) The E-stagehypothesizesthe numberof segmentsandtheir start
andstoplocations,and(2) the M-stageoptimizesthe �tting parame-
tersbasedon thestartandstoplocationsandthenumberof segments
from theE-stage.Thesetwo stepsiterateuntil thesolutionconverges.
Table1 sketchesthe pseudo-codeof the algorithm(using�tting

a

�����

asanillustration).

registrationof vehicletrajectories.
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Table 1: The motion event segmentationprocess
1.) Initialization : Computea linear �t to the
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andrepeatthe
�rst two stepsusingthesetwo new intervals.

Welabeleachsegmentedfragmentbasedonits accelerationandveloc-
ity statistics.More speci�cally, we denotethe initial vehiclevelocity
wheneachsegmentstartsas � < , which canbeeitherzeroor nonzero.
Theacceleration(Eq.1) canbeeitherof aconstantor linearly-varying
magnitudeand/orof a constantor a linearly-varying direction. For
example,if � A ���

f

, the motion patternis either “constantspeed”or
“stop.” Segmentationbasedon

a

is meaningfuland necessaryonly
when � A ���

f

. If � A ���

f

, possiblemotion patternsinclude “speed
up,” “slow down,” “left turn,” and“right turn.” “Speedup” and“slow
down” canbedeterminedby thesignof �
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it is a
right turn,otherwise,it is a left turn.

3.2 SequenceAlignment Learning
In theprevious section,we have labeledeachsegmentedfragmentof
a trajectorywith a semanticlabelandits detailedattributesincluding
velocity andaccelerationstatistics. For convenience,we usea sym-
bol to denotethesemanticlabel,e.g.,`R' represents“RightTurn,” `L'
represents“LeftTurn,” etc. We label eachsegmentwith a two-level
descriptor:aprimarysegmentsymbolandasetof secondaryvariables
(e.g.,velocityandacceleration).Weuse$ to denoteasequence,which
comprisestheconcatenationof segmentsymbols%

�'&)( , where ( is
the legal symbolset. We use * � to denotethe vectorof the �

V,+ sec-
ondaryvariable.

Thefollowing exampledepictsasequencewith this two-level descrip-
tor. Sequence$ denotesthesegmentedtrajectorywith *

) representing
thevelocityand *

� theacceleration.For velocityandacceleration,we
usetheiraveragevaluestakenplacein a segment.
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Now, the trajectorylearningproblemis convertedto the problemof
sequence-datalearningwith secondaryvariables.For thispurpose,we
constructanew sequence-alignmentkernelthatcanbeappliedto mea-
surepair-wisesimilarity betweensequenceswith secondaryvariables.

3.2.1 TensorProductKernel
The sequence-alignmentkernelwill take into considerationboth the
degreeof conformityof thesymbolicsummarizationsandthesimilar-
ity betweenthe secondarynumericaldescriptions(i.e., velocity and
acceleration)of the two sequences.Two separatekernelsare used
for thesetwo criteria andare thencombinedinto a singlesequence-
alignmentkernelthroughtensorproduct. Theseareexplainedbelow.

Let :
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arenonemptysets.We de�ne the tensorproductkernel as
follows:
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Sincekernelsareclosedunderproduct[?], it is easyto seethat the
tensorproductkernel is positive de�nite if eachindividual kernel is
positive de�nite.

3.2.2 Sequence­alignmentKernel
To measurethe similarity betweentwo sequences,our ideais to �rst
comparetheir similarity at the symbol level. After the similarity is
computedat the primary level, we considerthe similarity at the sec-
ondaryvariablelevel. We thenusethe tensorproductkernel to fuse
thesimilarity at theprimaryandsecondarylevel.

At the primary (segment-symbol)level, we usekernel CIH
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measuresymbol-sequencesimilarity. We de�ne C
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�

asa joint
probabilitydistribution (p.d.) thatassignsa higherprobabilityto more
similar sequencepairs. We employ pairs-HMM (PHMM) [?], a gen-
erative probability model, to model the joint p.d. of two symbolse-
quences.(Notice thatPHMM is differentfrom HMM, which aimsto
modeltheevolutionof individual sequencedata.)

A realizationof PHMM is a sequenceof states,startingwith START
and�nishing with END; andin betweentherearethreepossiblestates:
statesAB, A, andB. StateAB emitstwo symbols,stateA emitsone
symbolfor sequenceK only, andstateB emitsonesymbolfor sequence

L

only. StateAB hasan emissionprobability distribution MON
9,PRQ for

emittinganaligned K
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, andstatesA andB have distributions T

N

9

and T
PRQ , respectively, for emittinga symbolagainsta gap,suchas KD�U-
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i
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i
A

-

L>S

. ParameterW denotesthetransitionprobability from
AB to aninsertgapstateA or B, X theprobabilityof stayingin aninsert
state,and Y the probability of a transitioninto the END state. Any
particularpairof sequencesK and

L

maybegeneratedby exponentially
many differentrealizations.Thedynamicprogrammingalgorithmscan
sumover all possiblerealizationsto calculatethe joint probability of
any two sequences.Theoverall computationalcomplexity is Z

�X(
[ �

,
in which

(

and
[

arethelengthsof thetwo sequencesrespectively.

Tocomputethesimilarityatthesecondarylevel,wecanconcatenateall
variablesinto onevector, andemploy a traditionalvector-spacekernel
suchasan RBF function. Let C

�
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denotesucha kernelmea-
suringthe distancebetween* and *	A . (Notice that vectors * and *	A

maydiffer in lengthsince $ and $�A mayhave differentlength.We will
discussshortlyhow we align two vectorsinto thesamelengthvia an
example.)Finally, wede�ne thetensorproducton
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In the following we presentanexampleto show thestepsof comput-
ing similarity betweentwo sequencesusing our sequence-alignment
kernel.
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Example1:
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The similarity betweenthe sequencesis computedin the following
threesteps:

� Step1. Primarysymbol-level similarity computation:CIH
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.
By usingPHMM, we can obtain the joint p.d. CIH
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between
symbolsequences$ and $JA . As a part of the PHMM computation,
two sequencesarealignedasfollows:
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� Step2. Secondaryvariable-level similarity computation:C
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.
Theunalignedpositionsin * and * A arepaddedby zero. We obtain
two equal-lengthvectors,andcancomputetheir similarity by using
a traditionalSVM kernel,e.g.,anRBF function.
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Thereare threeadvantagesof the above sequence-alignmentkernel.
First, it canuseany sequence-alignmentalgorithmsto obtaina pair-
wise probability distribution for measuringvariable-lengthsequence
similarity. (Again, we employ PHMM to performthemeasurement.)
Second,thekernelconsidersnot only thealignmentof symbolstrings
but alsosecondaryvariables,makingthe similarity measurementbe-
tween two sequencesmore informative. Third, comparedwith the
SVM-Fisherkernel(discussedin Section??), oursequence-alignment
kerneladdstheability to learnfrom negativetraininginstances,aswell
from positive traininginstances.

3.3 Imbalanced Learning via Adaptive Confor­
mal Transformation

Skewedclassboundaryis asubtlebut severeproblemthatarisesin us-
ing anSVM classi�er—in fact in usinganyclassi�er—for realworld
problemswith imbalancedtraining data. To understandthe nature
of the problem,let us considerit in a binary (positive vs. negative)
classi�cation setting. Recall that the Bayesianframework estimates
theposteriorprobabilityusingtheclassconditionalandtheprior [?].
Whenthe training dataarehighly imbalanced,it canbe inferredthat
the stateof the naturefavors the majority classmuchmore than the
other. Hence,whenambiguityarisesin classifyinga particularsample
becauseof similar classconditionaldensitiesfor the two classes,the
Bayesianframework will rely onthelargeprior in favor of themajority
classto breakthe tie. Consequently, thedecisionboundarywill skew
towardtheminority class.

To illustratethis skew problemgraphically, we usea 2D checkerboard
example.Thecheckerboarddividesa

8-f-f � 8 f#f

squareinto four quad-
rants.Thetop-leftandbottom-rightquadrantscontainnegative(major-
ity) instanceswhile the top-right andbottom-leftquadrantsareoccu-
piedby positive(minority) instances.Thelinesbetweentheclassesare
the “ideal” boundarythat separatesthe two classes.In the restof the
paper, we will usepositivewhenreferringto minority instances,and
negativewhenreferringto majority instances.

Figure2 exhibits the boundarydistortionbetweenthe two left quad-
rantsin thecheckerboardundertwodifferentnegative/positivetraining-

dataratios,wherea blackdotwith a circle representsasupportvector,
and its radiusrepresentsthe weight value � � of the supportvector.
The biggerthe circle, the larger the ��� . Figure2(a) shows the SVM
classboundarywhentheratio of thenumberof negative instances(in
thequadrantabove) to the numberof positive instances(in thequad-
rantbelow) is

!%f

-

!

. Figure2(b) shows theboundarywhentheratio
increasesto

!&f 
�f-f#f

-

!

. The boundaryin Figure2(b) is muchmore
skewedtowardsthepositivequadrantthantheboundaryin Figure2(a),
andhencecausesa higherincidenceof falsenegatives.

While the Bayesianframework gives the optimal results(in termsof
the smallestaverageerror rate) in a theoreticalsense,onehasto be
careful in applying it to real-world applications. In a real-world ap-
plication suchas securitysurveillance, the risk (or consequence)of
mispredictinga positive event(a falsenegative) far outweightsthatof
mispredictinga negative event(a falsepositive). It is well known that
in a binaryclassi�cationproblem,Bayesianrisksarede�ned as:
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whereM and
[

refer to the positive andnegative events,respectively,
�

G
�

refersto therisk of afalsenegative,and
�

�
G therisk of afalsepos-

itive. Which action( �
� or �+G ) to take—orwhich actionhasa smaller

risk—is affectednot just by theeventlikelihood(which directly in�u-
encesthemisclassi�cationerror),but alsoby therisk of mispredictions
(

�

G
� and

�

�
G ).

Forsecuritysurveillance,positive(suspicious)eventsoftenoccurmuch
lessfrequentlythannegative (benign)events.This factcausesimbal-
ancedtraining data,and therebyresultsin higher incidenceof false
negatives. To remedythis boundary-skew problem,we proposean
adaptive conformaltransformationalgorithm.In theremainderof this
section,we �rst outline how our prior work [?] dealswith the prob-
lem in a vectorspace(Section3.3.1). We thenpresentour solutionto
sequence-datalearningwherea discretizedvariable-lengthsequence
maynot have a vector-spacerepresentation(Section3.3.2).
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Figure2: Boundariesof Differ ent Ratios.

3.3.1 ConformalTransformationin a VectorSpace
In [?], we proposedfeature-spaceadaptive conformaltransformation
(ACT) for imbalance-datalearning. We showed that conductingcon-
formal transformationadaptively to datadistribution, and adjusting
the degreeof magni�cation basedon feature-spacedistance(rather
thanbasedon input-spacedistanceproposedby [1]) canremedythe
imbalance-datalearningproblem.

A conformal transformation,also called a conformalmapping,is a
transformation� which takestheelements

�

&
0 to elements

�

&

�

�

0

�

while preservingthelocalanglesbetweentheelementsafterthe
mapping,where 0 is thedomainin which theelements

�

reside[?].

Kernel-basedmethods,suchasSVMs, introducea mappingfunction
�

whichembedsthetheinput space� into a high-dimensionalfeature
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space� asa curved Remannianmanifold � wherethe mappeddata
reside[?]. A Riemannianmetric

�

�

S

�

:

�

is thende�ned for � , which is
associatedwith thekernelfunction C
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Themetric
�

�

S

shows how a local areaaround: in � is magni�ed in
� underthemappingof

�

. The ideaof conformaltransformationin
SVMs is to enlarge themargin by increasingthemagni�cation factor

�

�

S �

:

�

aroundthe boundary(representedby supportvectors)and to
decreaseit aroundthe otherpoints. This could be implementedby a
conformaltransformationof therelatedkernel C

�

:




: A

�

accordingto
Eq. 7, so that the spatialrelationshipbetweenthe datawould not be
affectedmuch[1]. Sucha conformaltransformationcanbe depicted
as �
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where 0

�X�D�

is a properlyde�ned positive conformalfunction. 0

�

x
�

shouldbechosenin awaysuchthatthenew Remannianmetric �

�

�

S �

x
�

,
associatedwith the new kernel function �

C

�

x



x A

�

, has larger values
nearthedecisionboundary. Furthermore,to dealwith theskew of the
class-boundary, we magnify �

�

�

S �

x
�

morein theboundaryareacloseto
theminority class.An RBF distancefunctionsuchas
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is a goodchoicefor 0

�

x
�

.

To re�ect thespatialdistribution of thesupportvectorsin � , we hope
that the Y

M

(the magni�cation factor in the neighborhoodof support
vector

� M

) would besmallerfor theareain featurespace� wherethe
supportvectorsaredense,so as to get a larger magni�cation metric
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x
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; otherwiseY
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shouldbelargerfor theareain � wherethesup-
port vectorsarescarce.In this way, Y
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wheretheaveragecomprisesall supportvectorsfalling into its neigh-
borhoodwith the radiusof H but having differentclasslabelswith

�O�

: �

�

. Here, H is theaveragedistanceof thenearestandthefarthest
supportvectorfrom :

M

. ChoosingY

�

M

in this way takesinto consider-
ationthespatialdistributionof thesupportvectorsin � . Althoughthe
mapping

�

is unknown, we canplay the kernel trick to calculatethe
distancein � :
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SubstitutingEq. 11 into Eq. 10, we canthencalculatethe Y

M

for each
supportvector, which canadaptively re�ect thespatialdistribution of
thesupportvectorin � , not in � .

Whenthetrainingdatasetisveryimbalanced,theclassboundarywould
beskewed towardstheminority classin the input space� . In this sit-
uation, the minority supportvectorsare locatedmore closely to the
class-boundarythanthemajorityonesin � . Wethenhopethatthenew
metric �

�

�

S

�

:

�

wouldfurthermagnifytheareafarawayfrom aminority
supportvectorx � so that theboundaryimbalancecouldbealleviated.
Our algorithmthusassignsa coef�cient for the Y

M

in Eq. 10 to re�ect
theboundaryskew in 0

�

x
�

. Wechoosethethesquareof �Y

M

as K ��Y

�

M

if
x

M

is aminority supportvector, otherwiseit is as K G�Y

�

M

. Weempirically
demonstratethat K � and K

G are proportionalto the skew of support
vectors,or K � as Z

��L
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e
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���
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, and K
G as Z

��L

���
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L
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���

e

L

�

, where �
�NM C

� and
�

�NM,i
� denotethenumberof minority andmajority supportvectors,

respectively. Pleasereferto [?, ?] for details.

3.3.2 ConformalTransformationin a Metric Space
The sequencedatado not residein a Euclideanvectorspace.In this
particularsituation,we cannotdirectly apply our adaptive conformal

transformationmethodfor sequence-datalearning. Fortunately, we
canembedtheminto ametricspacevia thesequence-alignmentkernel

C H

D

C

� weconstructedin Section3.2.Wecanthenapplytheideaof
adaptiveconformaltransformationby modifyingthemetricdistancein
this space.

0

0.2

0.4

0.6

0.8

1

0 0.2 0.4 0.6 0.8 1

D
(x

)

Kxxk
(x,xk)

D(x)=exp(-1/t 2(1/Kxxk
(x,xk)-1))

t =50.0

t =5.0

t =0.5

Figure3: 0

�

:

�

with Differ ent
)

O

6 .

Since : is a sequenceinstance,we cannotchoose0

�

:

�

asin Eq. 9.
It is impossibleto calculatetheEuclideandistance�

: i :
�l� . In Sec-

tion 3.3.2,we show that 0

�

:

�

shouldbe chosenin sucha way that
the spatialresolutionof the manifold � would be magni�ed around
thesupportvectors.In otherwords,if a trainingsample:	A is similar
to a supportsequence2 : , its embeddedpoint via C

H%H

�

is closeto the
supportvectorembeddedby the supportsequence: (or in its neigh-
borhood),0

�

:

�

thenshouldbe largersoasto achieve a greatermag-
ni�cation. Sinceour sequence-alignmentkernel C

H%H
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models
thesimilarity betweenthesequencedata: and :�A , wecanassumethat
their similarity representstheir distancein a metric space(and vice
versa).Therefore,we choose0
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where�a` denotesthesupportsequenceset,andY

M

controlsthemagni-
tudeof 0

�

:

�

. Figure3 illustratesa 0

�X� �

for agivensupportsequence
:

M

, wherewecansee0

�X�D�

becomeslargerwhenasequence: is more
similar to :

M

(a larger CQH%Hb4 ), andis shapedvery differentlywith dif-
ferent Y
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. Wethusadaptively chooseY
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In the above equation,the distance0*�m%
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betweentwo se-
quencedata: � and :
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is calculatedvia thekerneltrick as
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The threshold H is chosenas the averageof the minimal distance

0*�m%

�

2I� G andthemaximaldistance0*�m%

�

2 4%H . In addition,Y

M

is scaled
in thesameway aswe did in Section3.3.1for dealingwith theimbal-
ancedtraining-dataproblem.

Figure4summarizestheACTalgorithmin sequence-datalearning.We
apply ACT on the training dataset

�

V�>�4%� G until the testingaccuracy
on

�

V�8"H V cannotbe further improved. In eachiteration,ACT adap-
tively calculatesY

�

M

for eachsupportsequence(step n ), basedon the
distributionof supportvectorsembeddedby supportsequencesin fea-
turespace� . ACT scalesthe Y

�

M

accordingto thenegative-to-positive
support-sequenceratio (steps

!&f

to
!�9

). Finally, ACT updatestheker-
nelmatrix andperformsretrainingon

�

V�>�4%� G (steps
! �

to
! 4

).
�

Since a training sample : is actually not a vector, but a discrete
sequence,we call it a support sequenceif its embeddedpoint via

C

H%H

�

�

C�H

D

C

H

�

is a supportvectorin themetricspace.
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Input:
�

V�>�4%� G ,
�

V�8"H�V ,
a

, K;
Output:�

; /* outputclassi�er */
Variables:

���

; /* supportsequenceset*/
H ; /* distancethreshold*/

$ ; /* a supportsequence*/
$

k

Y ; /* parameterof $ */
$

k �

; /* classlabelof $ */
Function Calls:
SVMTrain(

�

V�>�4%� G , K); /* train SVMclassi�er
�

*/
SVMClassify(

�

V�8"H�V




�

); /* classify
�

V�8 H�V by
�

*/
ExtractSQ(

�

); /* obtainSQfrom
�

*/
ComputeThresh(

�

); /* computedistancethreshold*/

Begin
1)

���

SVMTrain(
�

V�>�4&�3G , K);
2) X <�? @

���

;
3) X G-8�;

�

SVMClassify(
�

V�8"H�V




�

);
4) while ( X-G-8�; i)X <�? @

�

a

)
5) SQ

�

ExtractSQ(
�

);
6) K �
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7) for each$ &

���
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);
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���

;
10) if $
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���

e then /* a minority supportsequence*/
11) $

k

Y

���

K
�

�

$

k

Y ;
12) else/* a majority */
13) $

k

Y

�

�

K#G

�

$

k

Y ;

14) 0
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15) for eachK �

S

in K
16) K �

S

�

0

�

x �

�'�

0

�

x
S

�R�

K �

S

;
17)

���

SVMTrain(
�

V�>�4%� G




K);
18) X

<�? @

�

X
G#8�; ;

19) X
G#8 ;

�

SVMClassify(
�

V�8 H�V




�

);
20) return

�

;
End

Figure4: ACT Algorithm for Learning SequenceData.

4. EXPERIMENT AL RESULTS
We have conductedexperimentson detectingsuspiciouseventsin a
parking-lotsettingto validatetheeffectivenessof our proposedmeth-
ods. We recordedone hour and a half's video at parking lot-

8 f

on
UCSB campususing two cameras.We collectedtrajectoriesdepict-
ing � ve motion patterns: circling, zigzag-patternor M-pattern, go-
straight, back-and-forthandparking. Weclassifytheseeventsinto the
benignandsuspiciouscategories.Thebenign-eventcategory consists
of patternsgo-straight andparking, andthesuspicious-eventcategory
consistsof theotherthreepatterns.Wearemostinterestedin detecting
suspiciouseventaccurately. Speci�cally, we would like to answerthe
following threequestions:

1. Cantheuseof thetwo-level Kalman�lter successfullyreconstruct
motionpatterns?
2. Canour sequence-datacharacterizationandlearningmethods,in
particular, thetensorproductkernel,work effectively to fusethede-
greeof comformityof thesymbolicsymmarizationsandthesimilar-
ity beweenthesecondarydescriptions?
3. CanACT reducetheincidenceof falsenegativeswhile maintain-
ing low incidenceof falsepositives?

We usespeci�city andsensitivity astheevaluationcriteria. We de�ne
the sensitivityof a learningalgorithm as the ratio of the numberof
true positive (TP) predictionsover the numberof positive instances
(TP+FN) in the testset,or Sensitivity = TP/(TP+FN).Thespeci�city
is de�ned astheratio of thenumberof truenegative (TN) predictions
over the numberof negative instances(TN + FP) in the testset. For

surveillanceapplications,wecaremoreaboutthesensitivity andat the
sametime,hopefully thespeci�city will not suffer too muchfrom the
otherside.

Table 2 depictsthe two datasets,a balancedand a skewed dataset,
which we usedto conducttheexperiments.Thebalanceddatasetwas
producedfrom therecordedvideo.Wethenaddedsynthetictrajaecories
to producetheskeweddataset.For eachexperiment,we chose

7-f/.

of
thedataasthetrainingset,andtheremaining

� f+.

asour testingdata.
WeusedPHMM for sequencealignmentandselectedanRBFfunction
for C

�

�

*




* A

�

thatworks thebeston thedataset.(Thekernelandthe
parameterselectionprocessesareratherroutine,so we do not report
themhere.)Weemployedthebestparametersettingsobtainedthrough
runninga� ve-foldcrossvalidation,andreportaverageclass-prediction
accuracy.
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Table2: Datasets.

Experiment
0�!

: Kalman�lter evaluation.
For this experiment,two cameraswere usedto record the activi-
ties in the parking lot. Sampleimagesfor a circling patternare
shown in Fig. 5(a) and (b).3 We employed a simple mechanism
for �gure-backgroundseparation.As in our currentexperimentthe
cameraaimswere�x ed,we detectedthepresenceof moving objects
by performinga simpledifferenceoperationbetweenadjacentvideo
frames.We thenextractedthemoving objectsby anotherdifference
operationwith anadjacentvideoframewith nomotion.TheKalman
�lter wasusedto track the moving vehicles. It helpedin smooth-
ing thetrajectories,fusingthetrajectoriesfrom thetwo cameras,and
providing velocity andaccelerationestimatesfrom theraw trajecto-
ries. Fig. 5(c) shows thefusedraw vehicletrajectoriesfrom thetwo
cameras.Sampleraw and�ltered vehicletrajectoriesareshown in
Fig. 5(d) wherethe black (dark) curve is the raw vehicletrajectory
andthe red(light) curve is theKalman�ltered andfusedtrajectory.
The agreementof the two curvesdemonstratesthe effectivenessof
our fusionandtrajectoryreconstructionmethod.
For trajectorysegmentation,weimposedthepiecewiselinearitycon-
strainton both �

A
� and

a

of theaccelerationcurve afterthetrajectory
wassegmentedinto two types: where �

A
���

f

, andwhere �
A

� �

f

.
In our experiment,the thresholdfor �

A
� to be consideredroughly

zerowas0.9. (This level is indicatedasthe horizontaldashedline
in Figs.5(e)and6(c).)
In Fig. 5 (d) and (e), we show the sampleresultsof segmentinga
circling pattern. Fig. 5(e) depictsthe �

A
� ,

a

, and
�

�

� �
�

� �
!

curves
usedin segmentation.The

a

and �
A

� trajectoriesestimatedfrom the
Kalman�lter areshown in blackwhile thepiecewiselinearapproxi-
mationsof thesecurvesusingtheEM algorithmdescribedbeforeare
shown in red.Verticallinesshow thebegin andendof eachsegment.
For illustration, the boundariesbetweenadjacentsegmentsand the
segmentlabelsareshown in Fig. 5(d)aswell.
Fig.6 showsanotherresultof segmentinganM-pattern.Fig. 6(a)de-
pictstheraw, condensedfootagefrom theleft cameraonly. Fig. 6(b)
depictsthe raw (in black) andthe Kalman�ltered (in red) trajecto-
ries,and(c) the �

A
� ,

a

, and
�

�

� � �� �
!

curvesusedin segmentation.
The segmentboundariesand labelsaresuperimposedon Fig. 6(b).
As canbe seenfrom Figs. 5 and 6, the Kalman �lter wasable to
smooththenoisy raw trajectoriesandarrivedat reasonablevelocity

8

To conserve spaceandto betterillustratethemotiontrajectories,we
superimposedmultiple videoframesinto a singlepicturefor display.
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(a) (b)

(c) (d)

(e)

Figure5: A Cir cling Pattern. (a) and (b) condensedvideo footages
fr om the left camera, (c) condensedvideo footagefr om the right
camera, (d) raw (black or dark) and the Kalman �lter ed (red or
light) trajectories with segmentboundariesand labels,and (e) ac-
celerationcurvesusedin segmentation.

andaccelerationestimates.And ourEM segmentationalgorithmwas
ableto segmentthetrajectoriesinto piecesthatconformedto thein-
tuitive notion of a humanobserver. Theseresultsdemonstratethat
our trackingandsegmentationalgorithmswork correctly.
Experiment

0c8

: Sequence-alignmentkernelevaluation.
We usedthebalanceddatasetto conductthis experiment.We com-
paredtheclassi�cationaccuracy betweenwhenweonly havethepri-
marysegmentsymbolsandwhenwealsotake secondarydescription
velocityinto consideration.Figures7(a)and 7(b)show thatwhenthe
secondarystructurewasconsidered,both sensitivity andspeci�city
were improved. The improvementis marked (about

7/.

) in sensi-
tivity. In the restof the experiments,we thus consideredboth the
primaryandsecondaryinformation.
Experiment

0_9

: ACTevaluation.
In this experiment,we examinedthe effectivenessof ACT on two
datasetsof differentbenign/suspiciousratios. The balanceddataset
(thesecondcolumnin Table2) hasabenign/suspiciousratioof about

(a)

(b)

(c)Figure 6: An M-patter n. (a) condensedvideo footages,(b) raw
(black or dark) and the Kalman �lter ed (red or light) trajectories
with segmentboundaries and labels, and (c) accelerationcurves
usedin segmentation.

5-f+.

. Figures7(c) and 7(d) show that theemploymentof ACT im-
provessensitivity signi�cantly by

9

n

.

, whereasit degradesspeci-
�city by just

�/.

. Next, we repeatedthe ACT test on the skewed
dataset(the third column in Table2), wherethe benign/suspicious
ratio is lessthan

9/.

. Figures7(e) and 7(f) show that the average
sensitivity suffers from a drop from

7�6+.

to
9 54.

. After applying
ACT, the averagesensitivity improved to

4 f/.

by giving away just
9/.

in speci�city.

5. CONCLUSIONS
In this paper, we have presentedmethodsfor 1) fusing multi-camera
surveillancedata,2) characterizingmotionpatternsandtheirsecondary
structure,3) andconductingstatisticallearningin animbalancedtraining-
datasettingfor detectingrareevents.For fusingmulti-sourcedatafrom
cameraswith overlappingspatialandtemporalcoverage,weproposed
usinga two-level hierarchyof Kalman�lters. For characterizingmo-
tion patterns,we proposedour sequence-alignmentkernel,which uses
tensorproductto fusea motion sequence's symbolicsummarizations
(e.g.,left-turn andright-turn,which cannotberepresentedin a vector
space)andits secondarynumericcharacteristics(e.g.,velocity, which
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(a) Sensitivity (KernelTest) (b) Speci�city (KernelTest)) (c) Sensitivity (ACT Test— BalancedData)

(d) Speci�city (ACT Test— BalancedData) (e) Sensitivity (ACT Test— SkewedData) (f) Speci�city (ACT Test— SkewedData)

Figure7: Sensitivity and Speci�city of Thr eeTestCases.

canbe representedin a vectorspace).Whenthe positive training in-
stances(i.e., suspiciousevents)aresigni�cantly outnumberedby the
negative traininginstances,we showedthatkernelmethodscansuffer
from high event-detectionerrors. To remedythis problem,we pro-
posedan adaptive conformaltransformationalgorithm to work with
our sequence-alignmentkernel. Throughextensive empiricalstudyin
a parking-lotsurveillancesetting,weshowedthatoursystemis highly
effective in identifying suspiciousevents.
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