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ABSTRACT

Usingcameragor detectincghazadousor suspiciougventshas
spurrel new researchor securityconceris. To make suchde-
tectionreliable,researchermustovercomedif culties suchas
variationin cameracapabilities,ervironmerial factors,imbal-
ancesof positive and negative training data,and asymmetric
costsof misclassifyingeverts of differen classes.Following
up on the event-detectiorframenork thatwe proposedin [12],
we presentin this paperthe framavork's two major compe
nents:invariant feature extractionandbiasedstatisticalinfer-
ence Werepot resultsof ourexperimentsusingtheframework
for detectilg suspicios motioneventsin a parkng lot.

1. INTRODUCTION

With the proliferation of inexpersive cameasandthe deploy/-
mentof high-speed,broad-banl networks, it hasbecone eco-
nomicdly and technicallyfeasibleto emplg/ multiple cam-
erasfor eventdetection[5, 6]. Mappirg eventsto visual cues
collectedfrom multiple cameragpresets mary researctthal-
lenges. Speci cally, this pape dealswith two researctprob
lems: inconsistenvisual features and biasedstatistical infer-
ence
1. Incorsistentfeatues
We proposefeatureextraction stratgyiesfor alleviatingthein-
consistenfeatue problemcausedgrimaily by thefollowing
two sources:
Differentcamen views
Differert cameraviews of the sameobjed mayrende dif-
ferentpercepual featuresFor instancecameramovements
(e.g., pannng and zooming can affect video features,as
canthe distancebetweercamerasandthe areasof suneil-
lance.

Variable ervironmen factors.

Exterral ervironmern factorssuch as lighting condtions
(e.g.,dayor night) andweather(e.g, foggy or raining also
affectvideofeatures.

2. Biasedstatisticalinference
We propsemethoddor statisticallearnirg thatdealwith the
following two infererce constrants:
Classefunequal importarce For suspicios event detec-
tion, misclassifyinga positive evert (falsenegdive) incurs
more severe conseqaencesthan misclassifyinga negative
one(falsepositive).
The researb wassupportel in partby an NSF grant, 11S-9908441 The
fourth autha is supportel by anNSF Career Award 11S-0133802.

Imbalancein training data Positive events(suspiciosevents)
arealwayssigni cantly outnumberecdby negative evertsin
thetrainingdata.In animbalance setof training data,the
classbourdarytendsto skaw towardthe minority classand
becones very sensitve to noise. Hencethe rate of false
negativesincreases.

The rest of the paperis organizedas follows: Section2
describs our initial work on invarant-featue extraction. We
proposeremedes to SVMs for detectingrare everts in Sec-
tion 3. Section4 presentghe preliminary expeiimentalresults
of detectiry suspiciousvertsin aparking lot. Finally, we pro-
vide concludng remaks andputforward ideasfor future work
in Sectionb.

2. INVARIANT EVENT DESCRIPTORS
Featureextraction for eventdetectionmustful Il two design
goals:adeaiaterepresentatio andefcient compuation. Ad-
equatefeaturerepresentatioris the basisfor mockling everts
accurgely. Low computationalcompleity is equally critical,
sincemultiple framesfrom multiple cameas may needto be
proessedsimultaneasly. Here,we proposea framewvork of
efcient, invariart evert descriptiosto satisfybothdesigngoals.

Invariantdescriptios referto thoseextractechigh4evelfea-
turesthatarenotaffectedby incidental chang of ervironment
factors(e.g.,lighting) andsensingcon guration (e.g.,camera
placemat). The conceptof invariangy is applicableat multi-
ple levelsof evert descriptim. In our researchyve distinguish
two typesof invariangy: ne-graininvariangy andcoarse-gain
invariangy.

Fine-grainnvarancy captuesthecharactesticsof anevert
at a detailed,numreric level. Fine-grén invarant descriptos
aretherefae suitablefor “intra-class”discrimination of simi-
lar evert patterrs (e.g, locatinga particularevent amongmul-
tiple everts depictirg the samecircling behaior of vehicles
in a parking lot). Coarse-grairinvariang captues the mo-
tion traits at a condse, semantidevel. Coarse-gain invariant
descriptims are thus suitablefor “inter-class” discriminatian,
e.g.,discriminding a vehicles circling behaior from, say its
parkng behaior. Certainly thesetwo typesof descrifjorscan
be usedsyneupistically to accomish arecoqition task. E.g.,
we canusea coarse-gain descriptorto isolatecircling everts
from othereverts suchasparking, andthenpin-pdnt a partic-
ularcircling eventusinga ne-graindescriptor

2.1. Fine-Grain Invariant Descriptors

Our aim is to designa family of descriptes thatcanbe made
insensitve to somechosencomhbnation of ervironmertal fac-



tors,suchasviewpaint andspeed.
Let be a 3D motion trajectory
which is recorad in a video datalaseas
(whereP dendestheprojectionmatrixand,to sim-
plify themath,we adop theparallelprojedion mocel). A simi-
lar motion execuedpotentiallywith a differentspeedandcap-
turedfrom a differentviewpoint, is expressedas

1)

whereR and T dende the rotation and translationresulting
from adifferent camergplacemehy thechang in speedand

the chang in the videorecordng starttime. The motion
cune canbe recogrized asthe sameas if we can
derive the same“motion signatue” for both, in a way thatis
insensitve to chargesin R, T, , and . Depenihg on the
applicatian, we might wantto make the signaturanvariant for
onesuchfactor or a combiration of thesefactors. Below we
suggessomepossibilitiesfor designiry invariantsignaturs.
Invariancy to time shift and partial occlusion Underthe
parallel projection mocel andthe far eld assumptior(where
theobjectsizeis smallrelative to thedistanceo thecameraan
assumptionthatis gererally truefor sunellanceapplicatiors),
it canbeshavn that

o )
where represets anafne transfam, t the imageposition
shift. To derive a signatue for a motion trajectory we will
extendthe 2D imagetrajectoryinto the spaceby appading a
third compament,time, as . Onecanimagine
thatappening athird compament is like placinga slinky toy
atly on the grourd (the plane)and then pulling and
extendng it upin thethird (heigt) dimension Now, it is well
known in differentialgeonetry [7] thata 3D curveis uniquely
described(up to a rigid motion) by its cunatureandtorsion
vectos with respecto its intrinsic arclength wherecurvatue
andtorsionvectos arede ned as

— ®3)

or cunatureandtorsionvectas form a locally de ned signa-
tureof aspacecune. In compuervisionjargon, forman
invariant parametespace—om Houghtransfom space—and
local structures are“hashed into suchasa spacendependent
of variationsin theobjects placemat andrigid motion. Sucha
mappng is alsoinsensitve to variation in the video-recordirg
starttime—asthe samepatternwill shav up soone or later.
It is alsotolerantto occlwsion, asthe signatureis compued
locally, andthe signaturefor the part of the trajectoy thatis
notocclucedwill remaininvaiant. Hence therecordng using
in Eg. 3 is theninsensitie to time shifts or partial oc-
clusion. It is a simpleinvaiiant expressiononecande ne ona
motiontrajectory
Invariancy to changein camerapose To makesuchahash-
ing processnvariantto differerce in cameraposes(A andt),
more proessingof suchtrajectoriesis needed In particular

variatin in speedchasa tendemy to chang the magnitue of
vector quantities,while variationin cameraparanetershasa
tendemy to chang the magritude of area quantities. In gen-
eral,we have

(4)

By massaginghe derivatives, we canderive mary invariant
expressionghatdepei on speed| ) but not on camea pose
(A andt). For example

(6)

which formsaninvarant local expressioninsensite to af ne
posechang,asA andt donotapperin Eq.5.
Invariancy to cameraposechangeand speedof motion  For
invariangy to all theabove factorsandthespeedf motion, con-
sidercollapsing the cune backinto theimageplane
. Theembedling is dore in sucha way thatwe do not
look at how fastor slow the curve hastracedoutin the plane,
but only at the nal, comgete curve (or we lose the sense
of time). The problem is thenrediwced to matchingtwo 2D
cunesthat candiffer by an afne transfom andtravel start-
ing point. We have previously shovn thatthis canbe accom-
plishedby re-parameterizig the 2D curwe by its af ne invari-
antarclength ~  orits enclosechreaparane-
ter andrewrite asa function of
whichis insensitve to speedthen

(6)

andwe can usean expressionsimilar to Eqg. 5 to obtainthe
desirednvariarcy.

()

Again, astheinvarant expressionis computedlocally andwe
useahashilg schemeo recod thesignatue, chargein starting
point  doesnotmatter Hence we develop afamily of invari-

antdescriptios that canbe usedto descrite objectmotion in

videa

2.2. Coarse-Qain Invariant Descriptors

Ourcoarse-gain invariantdescriptos enconpassaconcisede-
scriptionof anevert astheconcaenationof thesemantidabels
of theevert's commnents For exanple, theeventof avehicle
circling a parking lot canbe descrited asa sequene of inter
spersedight (left) turns and straightline motions. Circling
behaiors execued by differentvehicles mostlikely will have



quitedistincttrajectores(slow vs. fast tightturnvs. wideturn,
etc.).Hence, ne-graininvariantsignaturesvill recogiizesuch
patternsasdifferert. However, thesepatterrs aresimilarin that
they canall be describé by the samesequencef semantic
labels. To generatesucha concise,semanticdescription we
follow thesestepypleaseconsilt [11] for furthe details):

1. Senso datafusion We emplg the Kalman Iter asa

- )
subjectto thefollowing constraits:
(10)

where is aconstantargerthanzerousedaspenaltyfor soft-

sensodataintegraion tool. TheKalman lter helpedn smooth mamgin SVMs. Accordirg to the KKT condtions[2], thevalue

ing thetrajectoies,fusingthetrajectoresfrom differentcam-
eras,andproviding velocity andacceleratiorestimatesrom
theraw trajectories.

2. Eventsgmentdion. We usean EM-basedalgorithmto
segmert thefusedtrajectoryfrom multiple cameasinto seg-
ments. Theseseggmentsare honogeneas in termsof their
acceleratiorcharactgstics, which areassumedo be either
constanbr linearin the magritude or direction

3. TrajectorysummarizationBasecbntheacceleratiorstatis-
tics computedabove, we assigneachsegmenta semantida-
bel. For exanple, the stop condtion is identi ed aszero
acceleratiomndzeroinitial velodty. A half  turn isiden-
tied when(avehiclemalesaturnof appoximately ).

3. BIASED STATISTI CAL INFERENCE

As discussedn Sectionl, evert detectionpresentgwo chal-
lengesto a classi er: uneqial classimportance,and imbal-
ancein trainingclassesTheimbalarcedtraining-dataprodem
ariseswhenthe neggdive instancesarethe normandatundant,
but the positive instancesare rare. This imbalarce situation
causeghe classbourdary to skew toward the minarity side,
andherceresultsin ahighincidenceof falsenegaives. While
theskewedbourdaryis Bayesoptimal whenaprior distribution
heavily favorsthemajoiity classwe mustmake adjustmetsto
corred theskew whentherisk of mispredcting a positive event
far outweigls thatof mispredictilg a negdive event.

In thissectionwe presentlterndivesto suppat biasedsta-
tisticalinfererce. We rst provide abrief ovewiew of SVMsto
setup sufcient contet for discussions(We useSVMs asour
classi er becaus®f their superiomperfamancen mary appli-
cationdommains.) We thenexplain the causesof misdetecting
rareeverts. Finally, we presenthreealternatvesthatwe will
evaluatein Sectiord.

3.1. SVM Overview

We considerSVMs in a binary classi cation setting. We are
givena setof training data , -
where isthe traininginstanceand its label,either
for benigneverts or  for hazarduseverts. SVMs separate
thesetwo classedy a hyperplare with maximun margin [2].

Fornonlinearly separableasesSVMs canprojectthetrain-
ing dataonto a higherdimersionalfeaturespacevia a Mercer
kernelopeator . In addition Vaprik's soft-magin theory[8]
introducesslackvariades to permittrainingerror Given
SVMs modé classpredictionas

(8)

where is the normto the hyperplane, is the per
pendcular distancerom the hyperplaneto theorigin, and  is
aninput-spaeto featurespacemappng function. Theoptimal
solutionof SVMsis formulatedby maximzing the Lagrangian

of hasthreeranges:
. nonsuppat vectas,
: suppat vectasand

: supprt vectorsand .
By solving Equaticns 9 and 10, the classpredictian func-
tion is formulatedas

,and

11

3.2. Causesof Misclassi cation

Let us useSVMs to explain the bourdary-skew problem. As
thenumler of negative examges (themajoiity class)grows, so
doesthe nunber of negative suppot vectos that exert in u-
enceon an unlateledinstance. To illustrate this prodem, we
usea 2D checlerboad exanple. The checlerboarddividesa
200200 squarento four quadants. The top-left andbottam-
right quadrantsareoccipiedby negative instancesndthetop-
rightandbottomleft quadantsby positiveinstancesThelines
betweertheclassesarethe“ideal” bourdarythatseparatethe
two classes.

Figure 1 exhibits the bourdary distortionbetweenthe two
left quadantsof the checlerboard uncer two different nega-
tive/pcsitive training-dataratios. Figure 1(a) shavs the SVM
classboundarywhentheratiois . Figure1(b) shavsthe
bowndarywhenthe ratio is . The bourdary in Fig-
ure 1(b) is muchmoredistortedcompaedto the bourdaryin
Figurel(a),andhencecausesnorefalsenegdives.

3.3. ProposedRemedies

We usetwo criteriafor class-predictio evaluation tradeof be-
tweenspeci city andsensitvity, andoverall classi cationac-
curag. Wede ne sensitivityof alearningalgorithmastheratio
of the numker of true positive (TP) predctions over the num-
berof positive instancegTP+FN)in thetestset,or Sensitvity
= TP /( TP+FN). The speci city is de ned asthe ratio of the
number of true negdive (TN) predctions over the numbe of
negative instanceg TN+FP)in thetestset,or Speci city = TN
/ (TN+FP).Ourdesigngoalis to improve sensitvity andatthe
sametime maintainhigh speci city.

In whatfollows, we presenthreemethod for achieving our
designgoal. The rst two method, thresholdirg andpenalty
aimto tacklethe prablemof unggual classimportane, makng
a bettertradeof betweenspeci city andsensitvity. The last
methal, conforma transformation helpsalleviate the draw-
backof imbalarcedtraining data

3.31. ThresholdingMethod

A simplemethodfor redudng falsenegativesis to chang the
decisionthresholdb in Equation 11. This shift tradesspeci-
city for sensitvity. Thenew decisionfunctionis
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where isthenew threshdd afterbourdarymovementWe use
thresholdimy astheyardstickto measurdow theothermethod
perfam.

3.3.2 PenaltyMethod

Veromulos [9] usesa soft magin techniqie with SVMs for

contrdling thetrade-df betweerfalsepositvesandfalseneg-

atives. The basicideais to introduce differentpenaltyfunc-

tionsfor positively andnegaively labeledinstancesin which

alarger multiplier  is assignedo theclassin whichmisclas-
si cation carriesaheavier cost. TheLagrangianformulationin

Equatian 9 is generalizedvith two penaltyfunctionsfor false-
positive andfalse-ngative erras asfollows:

(13)

Thedualformulationgivesthe samelLagrangianbut with dif-
ferent constrairedby

(14)
(15)

and arethe pendty for the positive and negative
sidesrespectidy. If islargerthan , fewer positive data
would be misclassi edas negative data;thus is reducel,
andviceversa.

3.3.3 Adaptibe ConformalTransformation(ACT)

In [10Q], we proposedfeatue-spaceadaptve confamal trans-
formation (ACT) for imbalane-datadearning We shavedthat
by condicting confamaltransfamationadaptvely to datadis-
tribution, and adjustingthe degree of magni cation basedon
featurespacedistance(rather than basedon input-spacedis-
tanceproposedby [1]), we canremedytheimbalancedatalearn-
ing prodem.

A conformaltransfomation,alsocalleda conformalmap-
ping, is atransfomation which takesthe elements
to elemets while preserviig the local andes be-
tweenthe elementsafterthe mappng, where is the domain
in whichtheelements reside[4].

Kernel-tasednethod, suchasSVMs, introduceamappng
fundion  which embed the the input space into a high-
dimersionalfeaturespace asacurvedRiemanniarmanifold

wherethe mappeddatareside[3]. A Riemannianmetric
isthende nedfor ,whichisassociatewvith thekernel

fundion
X _ X X X X (16)
. X X
Themetric  showvs how alocal areaaroind in  is mag-
nied in  unde the mappirg of . Theideaof confamal

transfamationin SVMs is to enlage the mamin by increas-
ing the magn cation factor arourd the boundry (rep-
resentedby suppot vectos) andto decreasd arourd theother
points. This couldbeimplementedby a confomal transfoma-

tion of therelatedkerrel accodingto Eq. 16, sothat
the spatialrelatiorship betweerthe datawould not be affected
much[1]. Suchaconformaltransfamationcanbe depictedas

X X X X X X a7)
where is a properly de ned positive corformal function.
X shouldbe chasenin a way suchthat the nev Reman-
nian metric  x , associatedvith the new kerrel fundion
X X , haslargervaluesnearthedecisiorboundary Further
more to dealwith the skew of the class-boudary, we magrify
X morein the bourdary areacloseto the minority class.
Dueto the spacdimitation, we canna docunentthe entireal-
gorithm in this paper. Pleaseaeferto [10, 11] for details.

4. EXPERIME NTAL RESULTS

We have condictedexperimentson detectingsuspicios everts

in a parkirg-lot settingto validatethe effectivenessof our pro-

posedmethod. We repat our resultsin two parts:theresults
on invariant descriptos, and the resultson learnirg-methal

comparison.

4.1. Invariant Descriptors

For expelimentson ne-grain andcoarse-gaininvariarcy, two
cameraswere usedto recordthe actvities in a parkirg lot.
Fig. 2 shavs somesampleresultsof computing nurreric in-
variart signatues. Fig. 2 (a) and (b) shav the samemotion
sequene (a zig-zagor an M-patterr) captued from two dif-
ferert cameraposes, and (c) shows the invariant signatures,
computedusingEq. 7 (thedash-linecurve for Fig. 2(a)andthe

To conseve spaceandto better illu stratethe motion trajectories, we su-
perimpose multiple video framesinto a singlepicturefor display.
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Fig. 2. (a) and(b) the samemotion eventcapturedoy two dif-
ferentcameras(c) invarian signatuescompuedbasecdn us-
ing Eq. 7 (dash-linefor (a) andsolid-line for (b)), and(d) in-
variart sighaturecomputedfor a circling trajectory

(@) (b)

(c) (d)
Fig. 3. Invariant descriptos for a zig-zagtrajectoy or an M-
Pattern. (a) and (b) the snapshot®f two carsperforming a
zig-zagmotionin a parkinglot; and(c) and(d) the compued
invarianttrajectorydescriptos.

solid-line cune for Fig. 2(b)). We employed a simplemecha-
nismfor gure-backgound separationBecauseén our current
expelimentthe camea aimswere x ed we detectedhe pres-
enceof maving objectsby performinga simplediffererce op-

erationbetweeradjacentvideo frames.We thenextraded the
moving objectsby anotter difference operaion with an adja-
centvideo framehaving no motion. As canbe seenfrom the
gure, theinvariantsignaturesrevery consisteneventhroug

the trajectoies were captued from differert viewpoints, and
thusnotdirectly compaable.

Fig. 2(d) shaws the invariantfeaturesor a circling trajec-
tory. Again, the dash-lineandsolid-line curvesrepresentthe
invariant signatues compued for the samemotion trajectoy
recoraed by the two cameras.From theseresults,we cansee
that numeic invaiiant featues capturethe essentialtraits of
motion trajectoriesin a way thatis not affectedby the place-
mentof camera.

The limitations of numeric invariart signatues are these:
First, becausehe signaturs captue the ne detail of a mo-
tion curwe, it is bestusedfor ne-grain correlation of the same
motion trajectoryimagired undervarying condtions, suchas
differentcamergposes.Secondjts numeic natue is dif cult
for ahumanoperato to compehend Hence for coarse-gain
correldion of motion everts, we resot to semanticinvariant
signatues that summarizemotion eventsas a con@tenation
of semanticallymeatingful patternssuchas*“right turn; “left
turn;’ “constantspeed, “stop,’ etc.

Samplemagedfor two zig-zagpatternsthis time execued
by two vehiclesandrecodedusingtwo cameasplacedat dif-

ferert locations,areshavn in Fig. 3(a) and(b). The Kalman
Iter wasusedto trackthe moving vehicles. Sampleraw and
Kalman-Itered vehicle trajectoriesareshovnin Fig. 3 (c) and
(d) for Fig. 3 (a) and(b) respectidly, wherethe black (daik)
curwe is the raw vehcle trajectoryandthe red (light) curweis
theKalman Itered andfusedtrajectoy.

In Fig. 4, we shav theresultsof segmerting Kalman- Itered
trajectores andcompuing their semantidnvarant signatures.
Fig. 4 depictsthemagritude  anddirection of theacceler
ation curvesof the motion trajectores, and cunes
(whosesignwasusedto determire the turning directian) used
in sggmentatio. The and trajectoriesestimatedrom the
Kalman Iter areshavnin black while thepiecaviselinearap-
proximationsof thesecurvesusingthe EM algorithmdescribed
befae areshavn in red. Verticallines shawv the beginning and
endof eachsggmern. For illustration,the boundarieshetween
adjacehsegmentsandtheseggmert labelsareshavnin Fig. 3(c)
and(d) aswell. Theresultsshav thatwe canobtainsimilar se-
mantic descriptios even whenthe M-patternswere execued
by differentvehiclesandimagedby different cameras.

4.2. Learning Method Comparison

In this experiment,we compaedthe sensitvity andspeci city
of threemethod presentedh Section3.3. For suneillanceap-
plicatiors, we caremoreabou the sensitvity, andat the same
time, would like to keepthe speci city high.
Werecodedvideoatparkinglot- onUCSBcampus. We
collectedtrajectories depicting ve motion patterrs: circling
(instances)zigzay-patternor M-pattern(  instances)hadk-



(a) (b)
Fig. 4. Sgmerationof motiontrajectoriesusingtheaccelera-
tion statisticsshavn here (a), (b) correspadsto Fig. 3 (a)and
(b), respectiely.

andforth( instances)gostraight(  instances)andpark-

ing ( instancesncluding addtional syntheticdatato sim-

ulatethe skew effect). We dividedtheseevertsinto thebenig

andsuspiciouscatayories. The benigrevert cateory consists
of patterrs go-strmight and parking, andthe suspicios-event
catgary consistof theotherthreepatterns.

For eachexperimentwe chose of thedataasthetrain-
ing set, andthe remainiry asour testingdata. We em-
ployedthebestkernelparametesettingsobtainedhroughrun-
ninga ve-fdd crossvalidation (se€/11] for details),andreport
heretheaverag class-predictiomccurag. Figure5(a)presets
thesensitvity of usingSVMs, andof usingthethreeimprove-
mentmethod. All threemethod, thresholding pendty, and
ACT improve sensitvity. Amongthethree, ACT achievesthe
largest magritude of improvemer over SVMs, arourd  per
centile.Figure5(b) shavsthatall methodsnaintainhighspeci-

city . Notice thatthe thresholdng methodperfams well for
detectingM-pattern and badk-forth; however, it doesnot do
well consistentlyover all patterrs. The performarce of the
thresholdirg metha canbehighly depeidentonthedatadistri-
bution. Thependty methoddoesnotwork effectively. Therea-
soncanbe explainedby the KTT condition presetedin Sec-
tion 3.1,wherethe paraneterimpasesonly anupperbourd
on , notalower bound. Changiy doesnot necessarily
affect after isincreasedo a certaindegree;andconse-
quenly, the penaltymethal doesnotwork well with SVMs.

5. CONCLUSIONS AND FUTURE WORK

We have describedbur invaiiant featue extraction compnent
andimproved statisticallearnirg method for dealingwith the

challengs of detectingrare events. Our experimental results
shaved that our proposedmethod are effective. We plan to

extend our method to tacklethe problemof multiple camera
spatio-tempral datafusion. We will alsocondict expeiiments
in otherevert-detectiorsettings.

(a) Sensitvity

(b) Speci city
Fig. 5. Sensitvity andSpeci city
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