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Abstract

We presenta framework for the classi�cation of visual
processesthat are bestmodeledwith spatio-temporal au-
toregressivemodels. The new framework combinesthe
modelingpowerof a family of modelsknownas dynamic
texturesand the generalization guarantees,for classi�ca-
tion, of thesupportvectormachineclassi�er. This combi-
nation is achievedby thederivationof a new probabilistic
kernel basedon the Kullback-Leibler divergence(KL) be-
tweenGauss-Markovprocesses.In particular, wederivethe
KL-kernel for dynamictexturesin both1) the image space,
which describesboth the motion and appearancecompo-
nentsof thespatio-temporal process,and2) thehiddenstate
space, which describesthetemporal componentalone. To-
gether, the two kernelscover a large varietyof videoclas-
si�cation problems,including the caseswhere classescan
differ in bothappearanceandmotionand thecaseswhere
appearanceis similar for all classesand only motion is
discriminant. Experimentalevaluation on two databases
showsthatthenewclassi�er achievessuperiorperformance
overexistingsolutions.

1. Intr oduction

Figure1 presentsa samplefrom a largecollectionof vi-
sualprocessesthathaveprovenremarkablychallengingfor
traditionalmotionrepresentations,basedonmodelingof the
individual trajectoryof pixels[1,2], particles[3], or objects
in a scene.Sincemostof the informationrequiredfor the
perceptionof theseprocessesis containedin theinteraction
betweenthemany motionsthatcomposethem,they require
aholistic representationof theassociatedmotion�eld capa-
bleof capturingits variability without theneedfor segmen-
tationor trackingof individualcomponents.Throughoutthe
years,somerepresentationsappearedparticularlypromis-
ing in this respect,e.g. the representationof the motion
�eld asa collectionof layers[4]. However, only recently
somerealsuccesshasbeendemonstratedthroughthemod-

Figure 1. Examplesof visualprocessesthatarechallengingfor
traditionalspatio-temporalrepresentations:�re andsmoke, or the
motionof anensembleof objects,e.g. a schoolof �sh, the traf�c
ona highway, or the�o w of acrowd.

eling of theseprocessesasdynamictextures,i.e. realiza-
tions of an auto-regressive stochasticprocesswith both a
spatialandtemporalcomponent[5,6]. Like many otherre-
centadvancesin vision, the successof thesemethodsde-
rivesfrom theadoptionof representationsbasedon gener-
ative probabilisticmodelsthat canbe learnedfrom collec-
tionsof trainingexamples.

In the context of classi�cation, detection,andrecogni-
tion problems,the probabilisticrepresentationhasvarious
propertiesthat are known to be assetsfor perception[7],
e.g. existenceof principled inferenceformalismsthat al-
low thefusionof diversesourcesof information,theability
to incorporatedomain-knowledgein the form of prior be-
liefs, etc. Thereare, nevertheless,core aspectsin which
it alsohasstrongshortcomings.In particular, while it can
leadto optimalclassi�ersby simpleapplicationof Bayesian
decisiontheory, theseclassi�ershave weakgeneralization
guarantees,andcanbe quite sensitive to the dimensional-
ity of theunderlyingfeaturespace,or proneto over-�tting
whenthe modelshave large numbersof parameters.This
is a sourceof particularconcernfor the problemsof Fig-
ure 1 sincespatio-temporalautoregressive modelingtends
to requirehighdimensionalfeatureandstatespaces.

An alternative classi�cation framework [8], which de-
liverslarge-margin classi�ersof muchbettergeneralization
ability (e.g. thenow popularsupportvectormachine),does
exist but hasstronglimitationsof its own. For theclassi�-
cationof spatio-temporaldata-streams,themostrestrictive
amongtheseis arequirementfor therepresentationof those
data-streamsaspointsin Euclideanspace.Thesepointsare
thenmappedinto ahigh-dimensionalfeaturespaceby aker-
nel functionthat transformsEuclideandistancesin domain
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spaceinto distancesde�ned over a manifold embeddedin
rangespace. The Euclideanrepresentationis particularly
troublesomefor spatio-temporalprocesses,wheredifferent
instancesof a processmayhave differenttemporalextents
(e.g. two similar video streamswith differentnumbersof
frames),or be subjectto simple transformationsthat are
clearly irrelevant for perceptionand classi�cation (e.g. a
changeof samplingrate),but canmapthesamedata-stream
into verydifferentpointsof Euclideanspace.

Recentdevelopmentsin theareaof probabilistickernels
have shown signi�cant promiseto overcometheselimita-
tions. Probabilistickernelsarekernelsthat act on pairsof
generativeprobabilisticmodels,enablingsimultaneoussup-
port for complex statisticalinference,which is characteris-
tic of probabilisticrepresentations,andgoodgeneralization
guarantees,which arecharacteristicof large-margin learn-
ing. Although the feasibility of applying thesekernelsto
visionproblemshasbeendemonstratedonrelatively simple
recognitiontasks,e.g. therecognitionof objectspresented
againsta neutralbackground[9], we believe thatthis is un-
satisfactoryin two ways.First,thegreatestpotentialfor im-
pactof probabilistickernelsis in thesolutionof classi�ca-
tion problemswhere1) simpleapplicationof Bayesiande-
cisiontheoryis likely to fail, e.g. problemsinvolving large
state-spacemodelsand high-dimensionalfeatures,and 2)
theinappropriatenessof theEuclideanrepresentationmakes
the traditional large-margin solutionsinfeasible. Second,
many of the recognitionproblemsfor which therearecur-
rently no goodsolutionsin thevision literature,e.g. those
involving theprocessesof Figure1, areexactlyof this type.

Both of thesepointsareaddressedin this work, which
makes contributions at two levels. On one hand,we in-
troducea procedurefor the designof large-margin clas-
si�ers for spatio-temporalautoregressive processes.This
includesthe derivationof a discriminantdistancefunction
(theKullback-Leiblerdivergence)for thisclassof processes
andits applicationto thedesignof probabilistickernels.On
the other, we demonstratethe practicalfeasibility of large
marginclassi�cationfor visionproblemsinvolvingcomplex
spatio-temporalvisualstimuli, suchastheclassi�cationof
dynamictexturesor theclassi�cationof patternsof highway
traf�c �o w undervariableenvironmentalconditions. The
new large-margin solutionis shown to performwell above
thestateof theartandto producequitepromisingresultsfor
dif�cult problems,suchasmonitoringhighwaycongestion.

2. Modeling motion �o w

Variousrepresentationsof a videosequenceasa spatio-
temporaltexture have beenproposedin the vision litera-
tureover the last decade.Earlierefforts wereaimedat the
extractionof featuresthat captureboth the spatialappear-
anceof a textureandtheassociatedmotion �o w �eld. For

example,in [10], temporaltexturesarerepresentedby the
�rst andsecondorder statisticsof the normal �o w of the
video. Thesetypesof strictly feature-basedrepresentation
canbe useful for recognitionbut do not provide a proba-
bilistic modelthatcouldbeusedfor kerneldesign.

More recently, variousauthorsproposedto modela tem-
poral textureasa generativeprocess,resultingin represen-
tationsthatcanbeusedfor bothsynthesisandrecognition.
One exampleis the multi-resolutionanalysistree method
of [11], whichrepresentsatemporaltextureasthehierarchi-
calmulti-scaletransformassociatedwith a3D wavelet.The
conditionalprobability distributionsof the wavelet coef�-
cientsin thetreeareestimatedfrom a collectionof training
examplesandthe texture is synthesizedby samplingfrom
this model. Anotherpossibility is the spatio-temporalau-
toregressive (STAR) modelof [5], which modelsthe inter-
actionof pixelswithin alocalneighborhoodoverbothspace
andtime. By relying on spatio-temporallylocalizedimage
featurestheserepresentationsare incapableof abstracting
thevideointo apairof holisticappearanceandmotioncom-
ponents.

Thisproblemis addressedby thedynamictexturemodel
of [6], an auto-regressive randomprocess(speci�cally, a
lineardynamicalsystem)that includesa hiddenstatevari-
able,in additionto theobservationvariablethatdetermines
the appearancecomponent.The motion �o w of the video
is capturedby a dynamic generative model, from which
the hiddenstatevector is drawn. The observation vector
is thendrawn from a secondgenerativemodel,conditioned
on the statevariable. Both thehiddenstatevectorandthe
observation vector are representative of the entire image,
enablingaholisticcharacterizationof themotionfor theen-
tire sequence.For thisreason,weadoptthedynamictexture
modelin theremainderof this work.

2.1. The dynamic texture model

Thedynamictexturemodel[6] is de�ned by

x t +1 = Ax t + B vt (1)

yt = Cx t + wt (2)

where x t 2 Rn is a sequenceof n-dimensionalhidden
(state)randomvariables,yt 2 Rm a m-dimensionalse-
quenceof observed(videoframe)randomvariables,vt � iid

N (0; I n v ) anv -dimensionaldriving process(typically n �
m and nv � n), and wt � iid N (0; R) an observa-
tion noiseprocess. The model is parameterizedby � =
(A; B ; C; R; x0), where A 2 Rn � n ; B 2 Rn � n v ; C 2
Rm � n ; R 2 Rm � m , andx0 is a known initial state.Note
thatB vt � N (0; Q) whereQ = B B T . Thecovarianceof
theobservationnoiseis assumedto bei.i.d, i.e. R = � 2I m .

The sequencef yt g encodesthe appearancecomponent
of the video (video frames),andthe motion componentis
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Figure 2. Exampleof thedynamictexturemodel:(top) frames
from a traf�c sequence;(middle) the �rst threeprincipal compo-
nents;(bottom)thetrajectoryof thestatespacecoef�cients.

encodedinto the statesequencef x t g. The hiddenstateis
modeledasa �rst-order Gauss-Markov process,wherethe
stateat time t + 1, x t +1 , is determinedby the transition
matrix A, the stateat time t, x t , and the driving process
vt . The imageat time t, yt , is a linear combinationof the
principal componentsof the entirevideo sequence,stored
in thecolumnsof C, with eachcomponentweightedby the
correspondingcoef�cient in the statevectorx t . Figure2
shows anexampleof a traf�c sequence,its �rst threeprin-
cipal components,andthestatespacecoef�cients.

3. The SVM and probabilistic kernels

A supportvector machine(SVM) [8] is a discrimina-
tive classi�er that constructsa maximum-margin hyper-
planebetweentwo classesusinga setof trainingexamples
f x1; : : : ; xN g 2 X . TheSVM providesstronggeneraliza-
tion guaranteesfor learningandusuallyleadsto improved
performance,outsidethe training set, when comparedto
classicalmethodsbasedon Bayesiandecisiontheory[12].
Thetrainingexamplesthataremostdif�cult to classifyare
referredto assupportvectors,anddeterminetheseparating
hyperplane.

TheSVM canbeaugmentedby usingthe“kernel” trick,
which mapsthe trainingexamplesinto a high-dimensional
non-linearfeaturespace.This featurespacetransformation
is de�ned by the kernelfunction K : X � X ! R. One
interpretationof thekernelfunctionis thatK (x i ; x j ) mea-
suresthesimilarity betweenthetwo pointsx i andx j in the
spaceX . A popularexampleis theGaussiankernel,de�ned
asK g(x i ; x j ) = exp(� 
 kx i � x j k2).

If the training examplesare representedas probabilis-
tic models(e.g. dynamic textures), the kernel becomes
a measureof similarity betweenprobability distributions.
A probabilistickernel is thus de�ned as a mappingK :
P � P ! R, whereP is thespaceof probabilitydistribu-
tions. Onesuchkernelis theKullback-Leiblerkernel[13],
de�ned as K K L (p;q) = exp(� 
 (D (pkq) + D(qkp))) ,
where D(pkq) =

R
X p(x) log p(x )

q(x ) dx is the Kullback-

Leibler (KL) divergencebetweenthe probability distribu-
tions p(x) andq(x) [15]. The KL divergenceis a natural
distancemeasurebetweentwo probabilitydistributions,and
theKL kernelin probabilityspaceis analogousto theGaus-
sian kernel in Euclideanspace. The KL kernel hasbeen
shown to achieve very goodresultsin the domainsof ob-
ject [9] andspeech[13] recognition.

4. Probabilistic kernelsfor dynamic textures

In this sectionwe introducea probabilistickernelfor vi-
sualprocessesthatcanbemodeledasdynamictextures.

4.1. Generalconsiderations

Thedynamictexturemodelprovidesaprobabilitydistri-
butionof thetexturein bothimageandstatespace.Thisal-
lows thederivationof two kernelsthatcangroundtheclas-
si�cation in eithertheappearanceor the�o w of thedynamic
texture. Groundingtheclassi�cationon imagespacetends
to favor iconicpixel matchesandleadsto bestperformance
whenthegoal is to differentiatebetweendynamictextures
of differentvisualappearance(e.g. a �ock of birds from a
schoolof �sh in Figure1). Under this approach,two se-
quencesof distinct texturessubjectto similar motion can
becorrectlyidenti�ed. It is, however, not clearthat thedy-
namictexturemodelis of greatsigni�cancein this context:
a simple appearanceclassi�er based,for example,on the
principal componentdecompositionof the sequencesmay
achieve goodresults. Ideally, the kernelbasedon the dy-
namictexturemodelshouldachieveperformanceat leastas
goodasthatof astatickernel,whenthis is thecase.

An alternative classi�cation scenariois that wherethe
different classeshave similar appearanceand all the dis-
criminantinformationis containedin themotion �o w. For
example,problemssuchas determiningthe level of traf-
�c on a highway, or detectingoutliersandunusualevents
(e.g. carsspeedingor committingothertraf�c violations).
Sincefor thesecasesthe iconic pixel matchinginherentto
existingstatickernelsis clearly inappropriate,thesearethe
caseswheredynamickernelshave thegreatestpotentialfor
improvementover thestateof theart.

In summary, dependingon the speci�c classi�cation
problem, it may be advisableto groundthe classi�cation
on eitherthestatespaceor the imagespacecomponentsof
thedynamictexturemodel.In theremainderof thissection
wederive theKL kernelfor thesetwo representations.

4.2. Probability distrib utions

We start by obtaining the probability distributions of
theGauss-Markov processthatmodelsthestateof thedy-
namictexture. Recursively substitutinginto (1), it canbe
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Figure 3. Exampleof the convergenceof the KL divergence
rateversus� . Theclusteringof generative modelsin thesameand
differentclassescanalsobeseen.

shown [14] that x t � N (� t ; St ) where� t = A t x0 and
St =

P t � 1
i =0 A i Q(A i )T . Similarly, thecovariancebetween

two statesx t andx t 0 is

St;t 0 =
�

A t � t 0
St 0 ; t > t0

ST
t 0;t ; t < t0 (3)

Theimageyt is a linear transformationof thestatex t , and
henceyt � N (C� t ; CSt CT + R). Furthermore,thecovari-
ancebetweentwo imagesyt andyt 0 is � t;t 0 = CSt;t 0CT .

4.3. Projection betweenstatespaces

TheKL divergencebetweenstatespacescannotbecom-
puteddirectlybecauseeachdynamictextureusesadifferent
PCA space.Instead,onestatespacemustbeprojectedinto
theotherby applyingasequenceof two transformations:1)
from theoriginal statespaceinto imagespace,and2) from
imagespaceinto thetargetstatespace.If theoriginal state
spaceis thatof x1 andthetargetthatof x2, this is thetrans-
formationx̂1 = F x1 with F = CT

2 C1. From(1),

x t +1 = A1x t + B1vt (4)

F x t +1 = F A1F � 1F x t + F B1vt (5)

x̂ t +1 = Â1x̂ t + B̂1vt (6)

andthetransformationof aGauss-Markov processwith pa-
rameters(A1; B1; x01) is aGauss-Markov processwith pa-
rametersÂ1 = (CT

2 C1)A1(CT
2 C1)� 1, B̂1 = (CT

2 C1)B1,
andx̂01 = (CT

2 C1)x01. TheKL divergencebetweenstate
spacescan now be computedwith this transformedstate
model.

4.4. KL divergencebetweenstatespaces

TheKL divergenceratebetweentwo randomprocesses
with distributions,p(X ) andq(X ) over X = (x1; x2; : : :),
is de�ned as

D(p(X ) kq(X ) ) = lim
t !1

1
�

D(p(x �
1 ) kq(x �

1 ) ) : (7)

If p(x �
1 ) andq(x �

1 ) are the probability distributionsof the
statesequencex �

1 = (x1; � � � ; x � ) of two dynamictextures

Figure 4. Examplesfrom the databasesusedfor evaluation:
(top) the dynamic texture database;(bottom) the traf�c video
database.

parameterizedby (A1; Q1; x01) and(A2; Q2; x02), theKL
divergenceon theRHSof (7) is (see[16] for derivation),

1
�

D (p(x �
1 ) kq(x �

1 ) ) =
1
2

�
log

jQ2j
jQ1j

(8)

+ tr( Q� 1
2 Q1) � n +

1
�

kA1x01 � A2x02k2
Q2

+
1
�

�X

i =2

tr
� �AT Q� 1

2
�A(Si � 1 + � i � 1� T

i � 1)
�
#

where �A = A1 � A2, andSi � 1 and� i � 1 arethecovariance
andmeanassociatedwith thestatex i � 1 of the�rst dynamic
texture,andkxk2

Q = xT Q� 1x. In practice,theKL ratecan
be estimatedby setting� to somelarge number. Figure3
shows a graphof someexamplesof the KL betweendy-
namictexturesin statespace.The KL rateconvergesas�
increases,andtheclusteringbetweengenerative modelsin
thesameanddifferentclassescanbeseen.

4.5. KL divergencein imagespace

Sincethe imageprobabilityof a dynamictexture is dis-
tributedasa Gaussian,theKL divergencebetweentwo im-
agesequencedistributionsp(y�

1 ) andq(y�
1 ) is,

D (p(y�
1 ) kq(y�

1 ) ) =
1
2

�
log

j� 2j
j� 1j

+ tr(� � 1
2 � 1) + k
 1 � 
 2k2

� 2
� m�

i
(9)

where 
 1, � 1, 
 2, and � 2 are the meanand covariances
of the image sequencey�

1 for the two dynamic textures.
Direct computationof the KL divergencebetweenimage
sequencesis intractablesincethe covariancematricesare
m� � m� , wherem is the numberof pixels in a frame.
Usingseveralmatrix identities,it is possibleto rewrite the
termsof theimageKL intoarecursiveform thatis computa-
tionally ef�cient andonly requiresstoringn� � n� matrices
(recall n � m). For brevity, we omit thedetailshereand
referthereaderto a companiontechnicalreport[16].
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5. Experimental evaluation

We evaluatethe performanceof motion �o w recogni-
tion usingtheKL kernelon two videodatabases.The�rst
databasecontainsmany visually distinct classes.The sec-
onddatabase,basedon traf�c video,containsvisually sim-
ilar classes,but with varyingtemporalcharacteristics.

5.1. Dynamic texturedatabase

The dynamictexture databaseusedin [17] contains50
classesof various texture, including boiling water, foun-
tains, �re, rippling water, waterfalls, andplantsand�o w-
ersswayingin thewind. Eachclasscontainsfour grayscale
videosequenceswith 75 framesof 160� 110pixels. Each
sequencewasclippedtoa48� 48window thatcontainedthe
representative motion. Figure4 (top) shows severalexam-
plesof thevideopatchesfromthedynamictexturedatabase.
Sincealmostall of theclassesarevisually distinct, theap-
pearancecomponentof themodelis likely to beasimpor-
tantfor classi�cationasthemotioncomponent.

5.2. Traf�c videodatabase

The traf�c video databaseconsistsof 254 video se-
quencesof highwaytraf�c in Seattle,collectedfromasingle
stationarytraf�c cameraover two days[18]. Thedatabase
containsa varietyof traf�c patternsandweatherconditions
(e.g. overcast,raining, sunny, rain dropson the camera
lens). Eachvideo wasrecordedin color with a resolution
of 320 x 240 pixels with between42 to 52 framesat 10
fps. Eachsequencewasconvertedto grayscale,resizedto
80 x 60 pixels,andthenclippedto a 48 x 48 window over
theareawith themosttotal motion. Finally, for eachvideo
clip, themeanimagewassubtractedandthe pixel intensi-
tieswerenormalizedto have unit variance.This wasdone
to reducetheimpactof thedifferentlighting conditions.

The databasewas labeledby handwith respectto the
amountof traf�c congestionin eachsequence.In total there
were 44 sequencesof heavy traf�c (slow or stop and go
speeds),45 of mediumtraf�c (reducedspeed),and165of
light traf�c (normalspeed).Figure4 (bottom)showsa rep-
resentativesetof clips from thisdatabase.All clipsarevery
similar in that the views areobtainedwith a �x ed camera
facingthesamestretchof road,andthemotionis alwaysin
thesamedirectionandcon�ned to thesamearea.Thus,an
effective classi�er for this problemmustbe ableto distin-
guishbetweenthedifferentpatternsof �o w, i.e. theunder-
lying temporalprocess.

5.3. Experiment setup

The parametersof the dynamic texture model were
learnedfor eachvideoclip usingthemethodof [6]. To en-
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Figure 5. Classi�cationaccuracy of theSVM with theKL ker-
nel on two databases:(left) thedynamictexturedatabaseusingthe
imageKL kernel; (right) the traf�c videodatabaseusingthestate
KL kernel.Theperformanceof thenearestneighborsclassi�er us-
ing theKL distanceandtheMartin distanceis alsoshown, andn is
thenumberof principalcomponentsusedin thedynamictexture.

surethattheKL divergenceconverged,thetransitionmatrix
A wasscaledso that the largesteigenvalueslie on theunit
circle. In addition, the covarianceof the driving process
wasregularizedto preventproblemswith singularmatrices,
i.e. we setQ0 = Q + I n . All classi�cation resultswere
averagedover four trials. In eachtrial thedatasetwassplit
differentlywith 75%usedfor trainingandcross-validation,
and25%reservedfor testing.

For the dynamictexture database,SVMs were trained
usingthe KL kernelin imagespace(� = 25), andfor the
traf�c videodatabase,theSVMs weretrainedwith theKL
kernelin statespace(� = 250). A one-versus-allscheme
wasusedto learnthemulti-classproblem,andtheC and

parameterswereselectedusing3-fold cross-validationover
the training set. The SVM training and testingwas per-
formedusingthelibsvm softwarepackage[19]. We also
testeda nearestneighbor(NN) classi�er using the image
spaceand statespaceKL as distancemeasures.Finally,
for comparisonwith the state-of-the-art,a nearestneigh-
bor classi�er was implementedusing the Martin distance
[20,21] assuggestedin [17].

5.4. Results

The resultson the dynamictexture database,presented
in Figure5 (left), show thattheimage-basedKL classi�ers
performssigni�cantly betterthantheMartin distanceclas-
si�er (an improvementof the bestclassi�cation accuracy
from 89% to 96%). Note that the accuraciesof the image
KL classi�ers improve asthe numberof principal compo-
nentsn decreases.This was expectedsincethe dynamic
texturedatabasecontainsmany visually distinctclassesfor
which the appearancecomponentsis more discriminant
thanthemotion. In fact, in thedegeneratecaseof n = 0,
thevideois modeledasaGaussianwhosemeanis themean
imageof the video sequence,andcovarianceis the devia-
tion of the framesfrom this mean. Note how, by achiev-
ing top performancefor a small numberof components,
theimage-basedKL classi�ersvirtually becomestaticclas-
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Figure 6. Nighttimetraf�c videoswith a traf�c jam.

si�ers. In contrast,the Martin distancenearestneighbors
classi�er doesratherpoorly with a small numberof com-
ponents.Hence,althoughperformanceimprovesasn in-
creases,it never reachesanaccuracy comparableto thatof
theKL-basedclassi�ers.

Figure5 (right) presentstheresultsobtainedon thetraf-
�c videodatabase.It canbe seenfrom this �gure that the
two stateKL classi�ersoutperformthe Martin NN classi-
�er on this database.Furthermore,all classi�ers improve
asthenumberof principalcomponentsincreases,con�rm-
ing the fact that a static classi�er would do ratherpoorly
on this database.Comparingthe performanceof the state
KL classi�ersversusthe Martin NN counterpartit canbe
concludedthat1) thestateSVM-KL combinationis consis-
tently better, and2) thestateNN-KL combinationis better
for n � 15andalsoachievesahighermaximumaccuracy.

Overall, the imageandstateKL classi�ers outperform
the Martin distancenearestneighbormethodin classi�ca-
tion taskswith bothvisually distinctvideotextures,andvi-
sually similar, but temporallydistinct,video textures. The
KL classi�ersarealsocapableof spanningthegamutfrom
static to highly-varying dynamicclassi�er and, therefore,
provideagenericframework for theclassi�cationof a large
variety of video streams. Comparingthe performanceof
thetwo KL classi�ers,it is clearthatSVM-KL combination
achievesbetterclassi�cationperformancethanNN-KL. In
particular, thegreaterrobustnessof theSVM classi�er to a
poor selectionof thenumberof componentsindicatesthat
it hasbettergeneralizationability.

Finally, we testedthe robustnessof the dynamic tex-
ture andKL classi�cation framework by usingthe trained
classi�ers to labela setof 12 sequentialtraf�c videosthat
spannedan hourat night, andcontaineda traf�c jam (Fig-
ure 6). The NN-KL and SVM-KL correctly labeledthe
12 video sequences,including the event of the traf�c jam
(heavy traf�c), andthe eventsof reducedspeed(medium)
traf�c leadingup to and immediatelyfollowing the traf-
�c jam. This is particularlyinterestingsincetheclassi�ers
were trainedwith daytimeimagescontainingnormally lit
cars,yet they areableto correctly label nighttimeimages
wherethecarsarerepresentedasheadlightsandapairof tail
lights. Theseresultsprovideevidencethatthedynamictex-
turemodelis indeedextractingrelevantmotioninformation,
and that the proposedclassi�cation framework is capable
of usingthemotionmodelto discriminatebetweenclasses
of motion. We arecurrentlyexploring how this framework

couldbeusedfor trackinghighway congestion,anddetec-
tion of outliereventssuchasspeedingcarsandaccidents.
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