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ABSTRACT

Usingcamerasfor detectinghazardousorsuspiciouseventshas
spurred new researchfor securityconcerns. To make suchde-
tectionreliable,researchers mustovercomedif�culties suchas
variationin cameracapabilities,environmental factors,imbal-
ancesof positive andnegative training data,andasymmetric
costsof misclassifyingevents of different classes.Following
upon theevent-detectionframework thatwe proposedin [12],
we presentin this paperthe framework's two major compo-
nents:invariant feature extractionandbiasedstatisticalinfer-
ence. Wereport resultsof ourexperimentsusingtheframework
for detecting suspicious motioneventsin a parking lot.

1. INTR ODUCTION

With theproliferationof inexpensive camerasandthedeploy-
mentof high-speed,broad-band networks, it hasbecome eco-
nomically and technically feasibleto employ multiple cam-
erasfor eventdetection[5, 6]. Mapping eventsto visual cues
collectedfrom multiple cameraspresents many researchchal-
lenges.Speci�cally, this paper dealswith two researchprob-
lems: inconsistentvisual featuresandbiasedstatistical infer-
ence.

1. Inconsistentfeatures.
Weproposefeatureextraction strategiesfor alleviatingthein-
consistentfeature problemcausedprimarily by thefollowing
two sources:

� Differentcamera views.
Different cameraviews of thesameobject mayrender dif-
ferentperceptual features.For instance,cameramovements
(e.g., panning andzooming) canaffect video features,as
canthedistancebetweencamerasandtheareasof surveil-
lance.

� Variableenvironment factors.
External environment factorssuch as lighting conditions
(e.g.,dayor night) andweather(e.g., foggy or raining) also
affectvideofeatures.

2. Biasedstatisticalinference.
Weproposemethodsfor statisticallearning thatdealwith the
following two inferenceconstraints:

� Classesof unequal importance. For suspiciousevent detec-
tion, misclassifyinga positive event (falsenegative) incurs
more severe consequencesthan misclassifyinga negative
one(falsepositive).
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� Imbalancein trainingdata. Positiveevents(suspiciousevents)
arealwayssigni�cantly outnumberedby negative events in
thetrainingdata.In animbalanced setof training data,the
classboundarytendsto skew towardtheminority classand
becomes very sensitive to noise. Hencethe rate of false
negativesincreases.
The rest of the paperis organizedas follows: Section2

describes our initial work on invariant-feature extraction. We
proposeremedies to SVMs for detectingrare events in Sec-
tion 3. Section4 presentsthepreliminary experimentalresults
of detecting suspiciousevents in aparking lot. Finally, wepro-
videconcluding remarksandput forward ideasfor futurework
in Section5.

2. INVARIANT EVENT DESCRIPTORS
Featureextraction for event detectionmust ful�ll two design
goals:adequaterepresentation andef�cient computation. Ad-
equatefeaturerepresentationis the basisfor modeling events
accurately. Low computationalcomplexity is equally critical,
sincemultiple framesfrom multiple camerasmay needto be
processedsimultaneously. Here,we proposea framework of
ef�cient, invariant event descriptionstosatisfybothdesigngoals.

Invariantdescriptionsreferto thoseextractedhigh-level fea-
turesthatarenotaffectedby incidental change of environment
factors(e.g.,lighting) andsensingcon�guration(e.g.,camera
placement). Theconceptof invariancy is applicableat multi-
ple levelsof event description. In our research,we distinguish
two typesof invariancy: �ne-grain invariancy andcoarse-grain
invariancy.

Fine-graininvariancy capturesthecharacteristicsof anevent
at a detailed,numeric level. Fine-grain invariant descriptors
aretherefore suitablefor “intra-class”discrimination of simi-
lar event patterns (e.g., locatinga particularevent amongmul-
tiple events depicting the samecircling behavior of vehicles
in a parking lot). Coarse-graininvariancy captures the mo-
tion traits at a concise, semanticlevel. Coarse-grain invariant
descriptions arethussuitablefor “inter-class”discrimination,
e.g.,discriminating a vehicle's circling behavior from, say, its
parking behavior. Certainly, thesetwo typesof descriptorscan
beusedsynergistically to accomplish a recognition task. E.g.,
we canusea coarse-grain descriptorto isolatecircling events
from otherevents suchasparking, andthenpin-point a partic-
ularcircling eventusinga �ne-graindescriptor.

2.1. Fine-Grain Invariant Descriptors
Our aim is to designa family of descriptors thatcanbemade
insensitive to somechosencombinationof environmental fac-



tors,suchasviewpoint andspeed.
Let
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be a 3D motion trajectory,
which is recorded in a video databaseas �
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(whereP denotestheprojectionmatrixand,to sim-
plify themath,weadopt theparallelprojection model). A simi-
lar motion, executedpotentiallywith adifferentspeedandcap-
turedfrom adifferentviewpoint, is expressedas
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whereR and T denote the rotation and translationresulting
from a different cameraplacement, + thechange in speed,and
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the change in the video-recording start time. The motion
curve �
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canbe recognized as the sameas �
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if we can
derive the same“motion signature” for both, in a way that is
insensitive to changesin R, T, + , and

� 0

. Depending on the
application, we might wantto make thesignatureinvariant for
onesuchfactor, or a combinationof thesefactors.Below we
suggestsomepossibilitiesfor designing invariantsignatures.
Invariancy to time shift and partial occlusion Under the
parallelprojection model andthe far �eld assumption(where
theobjectsizeis smallrelativeto thedistanceto thecamera,an
assumptionthatis generally truefor surveillanceapplications),
it canbeshown that
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where
2

represents an af�ne transform, t the imageposition
shift. To derive a signature for a motion trajectory, we will
extendthe2D imagetrajectoryinto thespaceby appendinga
third component,time,as
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. Onecanimagine
thatappending a third component

�

is like placinga slinky toy
�atly on the ground (the

�B(F�

plane)and then pulling and
extending it up in thethird (height) dimension. Now, it is well
known in differentialgeometry [7] thata 3D curve is uniquely
described(up to a rigid motion) by its curvatureand torsion
vectors with respectto its intrinsic arclength, wherecurvature
andtorsionvectors arede�ned as
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or curvatureandtorsionvectors form a locally de�ned signa-
tureof aspacecurve. In computervisionjargon,
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forman
invariant parameterspace—ora Houghtransform space—and
local structures are“hashed” into suchasa spaceindependent
of variationsin theobject'splacement andrigid motion. Sucha
mapping is alsoinsensitive to variation in thevideo-recording
start time—asthe samepatternwill show up sooner or later.
It is also tolerantto occlusion, as the signatureis computed
locally, andthe signaturefor the part of the trajectory that is
notoccludedwill remaininvariant. Hence,therecording using
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in Eq. 3 is theninsensitive to time shifts or partial oc-
clusion.It is a simpleinvariant expressiononecande�ne on a
motiontrajectory.
Invariancy to changein camerapose To makesuchahash-
ing processinvariantto difference in cameraposes(A andt),
moreprocessingof suchtrajectoriesis needed. In particular,

variation in speedhasa tendency to change the magnitude of
vectorquantities,while variation in cameraparametershasa
tendency to change the magnitudeof area quantities. In gen-
eral,wehave

LTS

�

"

�����

L

�

S

�

2

+

S

LTS

�

�!587�5�:

;

�

L

�

S U�VFW

(4)

By massagingthe derivatives, we can derive many invariant
expressionsthat depend on speed( + ) but not on camera pose
(A andt). For example,
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which formsan invariant local expressioninsensitive to af�ne
posechange,asA andt donotappear in Eq.5.
Invariancy to cameraposechangeandspeedof motion For
invariancy toall theabovefactorsandthespeedof motion,con-
sidercollapsing the
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curve backinto the imageplane

 �-���i���

. Theembedding is done in sucha way thatwe do not
look at how fastor slow thecurve hastracedout in theplane,
but only at the �nal, complete curve (or we lose the sense
of time). The problem is then reduced to matchingtwo 2D
curves that candiffer by an af�ne transform andtravel start-
ing point. We have previously shown that this canbeaccom-
plishedby re-parameterizing the2D curve by its af�ne invari-
antarclengthx
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which is insensitive to speed,then
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andwe can usean expressionsimilar to Eq. 5 to obtain the
desiredinvariancy.
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Again, astheinvariant expressionis computedlocally andwe
useahashing schemeto record thesignature,changein starting
point x

0

doesnotmatter. Hence,wedevelop afamily of invari-
antdescriptions that canbe usedto describe objectmotion in
video.

2.2. Coarse-Grain Invariant Descriptors
Ourcoarse-grain invariantdescriptorsencompassaconcisede-
scriptionof anevent astheconcatenationof thesemanticlabels
of theevent's components.For example, theeventof a vehicle
circling a parking lot canbedescribedasa sequenceof inter-
spersedright (left) turns and straight line motions. Circling
behaviors executedby differentvehiclesmostlikely will have



quitedistincttrajectories(slow vs. fast,tight turnvs. wideturn,
etc.).Hence,�ne-graininvariantsignatureswill recognizesuch
patternsasdifferent. However, thesepatternsaresimilar in that
they can all be described by the samesequenceof semantic
labels. To generatesucha concise,semanticdescription, we
follow thesesteps(pleaseconsult [11] for further details):

1. Sensor data fusion. We employ the Kalman �lter as a
sensor-data-integration tool. TheKalman�lter helpedin smooth-
ing thetrajectories,fusingthetrajectoriesfrom differentcam-
eras,andproviding velocity andaccelerationestimatesfrom
theraw trajectories.

2. Eventsegmentation. We usean EM-basedalgorithmto
segment thefusedtrajectoryfrom multiple camerasinto seg-
ments. Thesesegmentsarehomogeneous in termsof their
accelerationcharacteristics, which areassumedto be either
constantor linearin themagnitudeor direction.

3. Trajectorysummarization. Basedontheaccelerationstatis-
tics computedabove,we assigneachsegmenta semanticla-
bel. For example, the stop condition is identi�ed aszero
accelerationandzeroinitial velocity. A half turn is iden-
ti�ed when(avehiclemakesa turnof approximately ‰#Š

0

).

3. BIASED STATISTI CAL INFERENCE

As discussedin Section1, event detectionpresentstwo chal-
lengesto a classi�er: unequal classimportance,and imbal-
ancein trainingclasses.Theimbalancedtraining-dataproblem
ariseswhenthenegative instancesarethenormandabundant,
but the positive instancesare rare. This imbalance situation
causesthe classboundary to skew toward the minority side,
andhenceresultsin a high incidenceof falsenegatives.While
theskewedboundaryis Bayesoptimal whenapriordistribution
heavily favorsthemajority class,wemustmakeadjustments to
correct theskew whentherisk of mispredicting apositiveevent
faroutweighs thatof mispredicting anegativeevent.

In thissection,wepresentalternativestosupport biasedsta-
tistical inference.We�rst provideabrief overview of SVMsto
setupsuf�cient context for discussions.(We useSVMs asour
classi�er becauseof their superiorperformancein many appli-
cationdomains.) We thenexplain the causesof misdetecting
rareevents. Finally, we presentthreealternativesthatwe will
evaluatein Section4.

3.1. SVM Overview
We considerSVMs in a binary classi�cation setting. We are
given a setof training data ‹
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traininginstanceand
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its label,either
(

Wfor benignevents or
W

for hazardousevents. SVMs separate
thesetwo classesby a hyperplane with maximum margin [2].

Fornonlinearlyseparablecases,SVMscanprojectthetrain-
ing dataontoa higherdimensionalfeaturespacevia a Mercer
kerneloperator š . In addition, Vapnik' ssoft-margin theory[8]
introducesslackvariables ›

˜

to permittrainingerror. Given
Œ$•

,
SVMs model classpredictionas
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where ¹ is the norm to the hyperplane, º »¼º ½™ºmº ¹|º¾º is the per-
pendiculardistancefrom thehyperplaneto theorigin, and ¿ is
aninput-spaceto feature-spacemapping function. Theoptimal
solutionof SVMs is formulatedby maximizing theLagrangian
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where Ö is aconstantlargerthanzerousedaspenaltyfor soft-
margin SVMs. According to theKKT conditions [2], thevalue
of +

˜

hasthreeranges:
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Š : non-support vectors,
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×¯Ö : support vectors and ›
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Ö : support vectorsand ›
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By solvingEquations 9 and10, the classprediction func-

tion is formulatedas
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3.2. Causesof Misclassi�cation
Let us useSVMs to explain the boundary-skew problem. As
thenumberof negativeexamples(themajority class)grows,so
doesthe number of negative support vectors that exert in�u-
enceon an unlabeledinstance.To illustratethis problem, we
usea 2D checkerboard example. The checkerboarddividesa
200*200 squareinto four quadrants.Thetop-left andbottom-
right quadrantsareoccupiedby negative instancesandthetop-
right andbottom-left quadrantsby positiveinstances.Thelines
betweentheclassesarethe“ideal” boundarythatseparatesthe
two classes.

Figure1 exhibits theboundarydistortionbetweenthe two
left quadrantsof the checkerboardunder two different nega-
tive/positive training-dataratios. Figure1(a)shows the SVM
classboundarywhentheratio is

W

Š'ã

W

. Figure1(b) shows the
boundarywhenthe ratio is

W

Š#Š#Š%ã

W

. The boundary in Fig-
ure1(b) is muchmoredistortedcompared to theboundary in
Figure1(a),andhencecausesmorefalsenegatives.

3.3. ProposedRemedies
Weusetwo criteriafor class-prediction evaluation: tradeoff be-
tweenspeci�city andsensitivity, andoverall classi�cationac-
curacy. Wede�ne sensitivityof alearningalgorithmastheratio
of thenumber of truepositive (TP) predictionsover thenum-
berof positive instances(TP+FN)in thetestset,or Sensitivity
= TP /( TP+FN).The speci�city is de�ned asthe ratio of the
number of true negative (TN) predictions over the number of
negative instances(TN+FP)in thetestset,or Speci�city = TN
/ (TN+FP).Ourdesigngoalis to improvesensitivity andat the
sametime maintainhighspeci�city.

In whatfollows,wepresentthreemethodsfor achievingour
designgoal. The �rst two methods, thresholding andpenalty,
aimto tackletheproblemof unequalclassimportance, making
a bettertradeoff betweenspeci�city andsensitivity. The last
method, conformal transformation, helpsalleviate the draw-
backof imbalancedtrainingdata.

3.3.1. ThresholdingMethod

A simplemethodfor reducing falsenegativesis to change the
decisionthresholdb in Equation 11. This shift tradesspeci-
�city for sensitivity. Thenew decisionfunction is
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Fig. 1. BoundaryDistortion.
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whereå» is thenew threshold afterboundarymovement.Weuse
thresholding astheyardsticktomeasurehow theothermethods
perform.

3.3.2. PenaltyMethod

Veropoulos [9] usesa soft margin technique with SVMs for
controlling thetrade-off betweenfalsepositivesandfalseneg-
atives. The basicidea is to introducedifferentpenaltyfunc-
tions for positively andnegatively labeledinstances,in which
a larger multiplier +

˜

is assignedto theclassin whichmisclas-
si�cation carriesaheavier cost.TheLagrangianformulationin
Equation 9 is generalizedwith two penaltyfunctionsfor false-
positiveandfalse-negativeerrors asfollows:
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ThedualformulationgivesthesameLagrangianbut with dif-
ferent +
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constrainedby
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„ and Ö
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arethe penalty for the positive andnegative
sidesrespectively. If Ö

„ is largerthan Ö

7

, fewerpositivedata
would be misclassi�edasnegative data;thus öø÷ is reduced,
andviceversa.

3.3.3. AdaptibeConformalTransformation(ACT)

In [10], we proposedfeature-spaceadaptive conformal trans-
formation(ACT) for imbalance-datalearning. We showedthat
by conductingconformal transformationadaptively to datadis-
tribution, andadjustingthe degreeof magni�cation basedon
feature-spacedistance(rather than basedon input-spacedis-
tanceproposedby [1]), wecanremedytheimbalance-datalearn-
ing problem.

A conformaltransformation,alsocalleda conformalmap-
ping, is a transformation ù which takestheelementsúüû³ý

to elements þÿû¯ù

�

ý

�

while preserving the local angles be-
tweentheelementsafter themapping, where ý is thedomain
in which theelementsú reside[4].

Kernel-basedmethods,suchasSVMs,introduceamapping
function ¿ which embeds the the input space� into a high-
dimensionalfeaturespaceö asacurvedRiemannianmanifold
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wherethe mappeddatareside[3]. A Riemannianmetric
�

˜�� ��Œ-�

is thende�nedfor
�

, whichis associatedwith thekernel
function š
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Themetric �
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shows how a local areaaround
Œ

in � is mag-
ni�ed in ö under the mapping of ¿ . The ideaof conformal
transformation in SVMs is to enlarge the margin by increas-
ing themagni�cation factor �

˜
�
��Œ-�

around theboundary (rep-
resentedby support vectors)andto decreaseit around theother
points. Thiscouldbeimplementedby aconformal transforma-
tion of therelatedkernel š
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according to Eq.16,sothat
thespatialrelationshipbetweenthedatawouldnot beaffected
much[1]. Sucha conformaltransformationcanbedepictedas
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is a properly de�ned positive conformal function.
ý
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shouldbe chosenin a way suchthat the new Reman-
nian metric �
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, associatedwith the new kernel function
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, haslargervaluesnearthedecisionboundary. Further-
more, to dealwith theskew of theclass-boundary, wemagnify
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morein the boundary areacloseto the minority class.
Dueto thespacelimitation, we cannot documenttheentireal-
gorithm in this paper. Pleasereferto [10, 11] for details.

4. EXPERIME NTAL RESULTS
Wehaveconductedexperimentsondetectingsuspiciousevents
in a parking-lot settingto validatetheeffectivenessof ourpro-
posedmethods. We report our resultsin two parts: theresults
on invariant descriptors, and the resultson learning-method
comparison.

4.1. Invariant Descriptors

For experimentson�ne-grainandcoarse-grain invariancy, two
cameraswere usedto record the activities in a parking lot.
Fig. 2 shows somesampleresultsof computing numeric in-
variant signatures. Fig. 2 (a) and (b) show the samemotion
sequence (a zig-zagor an M-pattern) captured from two dif-
ferent cameraposes,

r

and(c) shows the invariant signatures,
computedusingEq.7 (thedash-linecurvefor Fig. 2(a)andthe

Æ

To conserve spaceandto better illu stratethe motion trajectories,we su-
perimposed multiple video framesinto a singlepicturefor display.



(a) (b)

(c) (d)
Fig. 2. (a) and(b) thesamemotion eventcapturedby two dif-
ferentcameras,(c) invariant signaturescomputedbasedonus-
ing Eq. 7 (dash-linefor (a) andsolid-line for (b)), and(d) in-
variant signaturescomputedfor a circling trajectory.

solid-linecurve for Fig. 2(b)). We employeda simplemecha-
nismfor �gur e-background separation.Becausein our current
experiment thecamera aimswere�x ed, we detectedthepres-
enceof moving objectsby performinga simpledifferenceop-
erationbetweenadjacentvideoframes.We thenextracted the
moving objectsby another differenceoperation with an adja-
centvideo framehaving no motion. As canbeseenfrom the
�gure, theinvariantsignaturesareveryconsistenteventhrough
the trajectories werecaptured from different viewpoints, and
thusnotdirectlycomparable.

Fig. 2(d) shows the invariantfeaturesfor a circling trajec-
tory. Again, the dash-lineandsolid-line curvesrepresentthe
invariant signaturescomputed for the samemotion trajectory
recorded by the two cameras.From theseresults,we cansee
that numeric invariant features capturethe essentialtraits of
motion trajectoriesin a way that is not affectedby the place-
mentof cameras.

The limitations of numeric invariant signaturesare these:
First, becausethe signatures capture the �ne detail of a mo-
tion curve, it is bestusedfor �ne-grain correlation of thesame
motion trajectoryimagined undervarying conditions, suchas
differentcameraposes.Second,its numeric nature is dif�cult
for a humanoperator to comprehend. Hence,for coarse-grain
correlation of motion events, we resort to semanticinvariant
signatures that summarizemotion eventsas a concatenation
of semanticallymeaningful patterns,suchas“right turn,” “left
turn,” “constantspeed,” “stop,” etc.

Sampleimagesfor two zig-zagpatterns,this timeexecuted
by two vehiclesandrecordedusingtwo camerasplacedat dif-

(a) (b)

(c) (d)
Fig. 3. Invariant descriptors for a zig-zagtrajectory or anM-
Pattern. (a) and (b) the snapshotsof two carsperforming a
zig-zagmotion in a parkinglot; and(c) and(d) thecomputed
invariant trajectorydescriptors.

ferent locations,areshown in Fig. 3(a) and(b). The Kalman
�lter wasusedto track themoving vehicles.Sampleraw and
Kalman-�ltered vehicle trajectoriesareshown in Fig. 3 (c) and
(d) for Fig. 3 (a) and(b) respectively, wherethe black (dark)
curve is the raw vehicle trajectoryandthe red (light) curve is
theKalman�ltered andfusedtrajectory.

In Fig.4,weshow theresultsof segmentingKalman-�ltered
trajectoriesandcomputing their semanticinvariant signatures.
Fig. 4 depictsthemagnitude º �™º anddirection � of theacceler-
ation curvesof the motion trajectories, and

�-H �tO N� ���

curves
(whosesignwasusedto determine theturning direction) used
in segmentation. The � and º �‘º trajectoriesestimatedfrom the
Kalman�lter areshown in black, while thepiecewiselinearap-
proximationsof thesecurvesusingtheEM algorithmdescribed
before areshown in red.Verticallinesshow thebeginningand
endof eachsegment. For illustration,theboundariesbetween
adjacent segmentsandthesegment labelsareshownin Fig.3(c)
and(d) aswell. Theresultsshow thatwecanobtainsimilarse-
manticdescriptions even whenthe M-patternswereexecuted
by differentvehiclesandimagedby different cameras.

4.2. Learning Method Comparison

In this experiment,we comparedthesensitivity andspeci�city
of threemethodspresentedin Section3.3.For surveillanceap-
plications, we caremoreabout thesensitivity, andat thesame
time,would like to keepthespeci�city high.

Werecordedvideoatparking lot- �#Š onUCSBcampus.We
collectedtrajectories depicting� ve motion patterns: circling
( �iŠ instances),zigzag-patternorM-pattern( ��� instances),back-



(a) (b)
Fig. 4. Segmentationof motiontrajectoriesusingtheaccelera-
tion statisticsshown here. (a),(b) correspondsto Fig. 3 (a)and
(b), respectively.

and-forth ( �iŠ instances),go-straight( �¼Š#Š instances),andpark-
ing ( �

�

W��™W

instancesincluding additional syntheticdatato sim-
ulatetheskew effect). We dividedtheseevents into thebenign
andsuspiciouscategories.Thebenign-event category consists
of patterns go-straight andparking, and the suspicious-event
category consistsof theotherthreepatterns.

For eachexperiment,wechose
�

Š�� of thedataasthetrain-
ing set, andthe remaining �iŠ�� asour testingdata. We em-
ployedthebestkernel-parametersettingsobtainedthroughrun-
ninga� ve-fold crossvalidation (see[11] for details),andreport
heretheaverageclass-predictionaccuracy. Figure5(a)presents
thesensitivity of usingSVMs,andof usingthethreeimprove-
mentmethods. All threemethods, thresholding, penalty, and
ACT improve sensitivity. Among the three,ACT achievesthe
largest magnitudeof improvement overSVMs,around �#Š per-
centile.Figure5(b) showsthatall methodsmaintainhighspeci-
�city . Notice that the thresholding methodperforms well for
detectingM-pattern and back-forth; however, it doesnot do
well consistentlyover all patterns. The performance of the
thresholdingmethodcanbehighly dependentonthedatadistri-
bution.Thepenalty methoddoesnotworkeffectively. Therea-
soncanbeexplainedby theKTT condition presented in Sec-
tion 3.1,wherethe Ö parameterimposesonly anupperbound
on +

˜

, not a lower bound. Changing Ö doesnot necessarily
affect +

˜

after Ö is increasedto a certaindegree; andconse-
quently, thepenaltymethod doesnotwork well with SVMs.

5. CONCLUSIONS AND FUTURE WORK

We have describedour invariant feature extraction component
andimprovedstatisticallearning methods for dealingwith the
challengesof detectingrareevents. Our experimental results
showed that our proposedmethods areeffective. We plan to
extendour methods to tacklethe problemof multiple camera
spatio-temporaldatafusion.We will alsoconduct experiments
in otherevent-detectionsettings.

(a)Sensitivity

(b) Speci�city

Fig. 5. Sensitivity andSpeci�city
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