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Abstract

We presenta frameavork for the classi cation of visual
processeshat are bestmodeledwith spatio-tempaal au-
toregressivemodels. The new framavork combinesthe
modelingpower of a family of modelsknownas dynamic
textures and the generlization guarantees for classi ca-
tion, of the supportvectormadine classi er. Thiscombi-
nationis achievedby the derivationof a new probabilistic
kernel basedon the Kullback-Leibler divergence(KL) be-
tweenGauss-Markv processesin particular, wederivethe
KL-kernelfor dynamictexturesin both 1) the image space
which describeshoth the motion and appeaancecompo-
nentsof thespatio-tempaal processand?2) thehiddenstate
space which describeghetempoal componentlone To-
gether the two kernelscover a large variety of videoclas-
si cation problems,including the caseswhele classescan
differ in both appeaanceand motionand the caseswhee
appeannceis similar for all classesand only motion is
discriminant. Experimentalevaluation on two databases
showshatthenew classi er achievessuperiorperformance
over existing solutions.

1. Intr oduction

Figurel present@ samplefrom alargecollectionof vi-
sualprocessethathave provenremarkablychallengingfor
traditionalmotionrepresentationgasednmodelingof the
individualtrajectoryof pixels[1, 2], particles[3], or objects
in a scene.Sincemostof the informationrequiredfor the
perceptiorof theseprocesses containedn theinteraction
betweerthemary motionsthatcomposehem,they require
aholisticrepresentationf theassociatedhotion eld capa-
ble of capturingits variability without the needfor segmen-
tationor trackingof individualcomponentsThroughouthe
years,somerepresentationappearegarticularly promis-
ing in this respect,e.g. the representatiorof the motion

eld asa collectionof layers[4]. However, only recently
somereal succes$iasheendemonstratethroughthe mod-

Figure 1. Exampleof visualprocessethatarechallengingor
traditional spatio-temporatepresentationsre andsmole, or the
motion of an ensembleof objects,e.g. aschoolof sh, thetrafc
onahighway, orthe o w of acrowd.

eling of theseprocesseas dynamictextures,i.e. realiza-
tions of an auto-rgressve stochastigprocesswith both a
spatialandtemporalcomponen{5, 6]. Like mary otherre-
centadwancesin vision, the succes®f thesemethodsde-
rivesfrom the adoptionof representationbasedon gener
ative probabilisticmodelsthat canbe learnedfrom collec-
tionsof trainingexamples.

In the context of classi cation, detection,and recogni-
tion problems,the probabilisticrepresentatiomasvarious
propertiesthat are known to be assetsfor perception[7],
e.g. existenceof principled inferenceformalismsthat al-
low the fusion of diversesourcesf information,the ability
to incorporatedomain-knavledgein the form of prior be-
liefs, etc. Thereare, neverthelesscore aspectsn which
it alsohasstrongshortcomings.In particular while it can
leadto optimalclassi ersby simpleapplicationof Bayesian
decisiontheory theseclassi ers have weak generalization
guaranteesand canbe quite sensitve to the dimensional-
ity of the underlyingfeaturespacepr proneto over- tting
whenthe modelshave large numbersof parameters.This
is a sourceof particularconcernfor the problemsof Fig-
ure 1 sincespatio-temporahutorgressve modelingtends
to requirehigh dimensionafeatureandstatespaces.

An alternatve classi cation framework [8], which de-
liverslarge-magin classi ersof muchbettergeneralization
ability (e.g.the now popularsupportvectormachine)does
exist but hasstronglimitations of its own. For the classi -
cationof spatio-temporatlata-streamghe mostrestrictive
amongthesds arequiremenfor therepresentatioof those
data-streamaspointsin Euclideanspace Thesepointsare
thenmappednto ahigh-dimensionaleaturespaceby aker-
nel functionthattransformsEuclideandistancesn domain



spaceinto distancegde ned over a manifold embeddedn
rangespace. The Euclideanrepresentatioris particularly
troublesomdor spatio-temporaprocessesyheredifferent
instancef a processamay have differenttemporalextents
(e.g. two similar video streamawith differentnumbersof
frames),or be subjectto simple transformationghat are
clearly irrelevant for perceptionand classi cation (e.g. a
changeof samplingrate),but canmapthe samedata-stream
into very differentpointsof Euclideanspace.
Recentdevelopmentsn the areaof probabilistickernels
have shavn signi cant promiseto overcometheselimita-
tions. Probabilistickernelsare kernelsthat act on pairs of
generatireprobabilisticmodels gnablingsimultaneousup-
port for complex statisticalinference which is characteris-
tic of probabilisticrepresentationgndgoodgeneralization
guaranteeswhich arecharacteristiof large-magin learn-
ing. Although the feasibility of applyingthesekernelsto
vision problemshasheendemonstratednrelatively simple
recognitiontasks,e.g. the recognitionof objectspresented
againsta neutralbackground9], we believe thatthis is un-
satishctoryin two ways.First, the greatespotentialfor im-
pactof probabilistickernelsis in the solutionof classi ca-
tion problemswherel) simpleapplicationof Bayesiande-
cisiontheoryis likely to fail, e.g. problemsinvolving large
state-spacenodelsand high-dimensionafeatures,and 2)
theinappropriatenessf theEuclidearrepresentatiomakes
the traditional large-magin solutionsinfeasible. Second,
mary of the recognitionproblemsfor which therearecur-
rently no goodsolutionsin the vision literature,e.g. those
involving the processesf Figurel, areexactly of thistype.
Both of thesepointsare addressedh this work, which
malkes contributions at two levels. On one hand, we in-
troducea procedurefor the designof large-magin clas-
si ers for spatio-temporahutorgressie processes.This
includesthe derivation of a discriminantdistancefunction
(theKullback-Leiblerdivergencejor thisclassof processes
andits applicationto the designof probabilistickernels.On
the other we demonstratéhe practicalfeasibility of large
maugin classi cationfor vision problemsnvolving complex
spatio-temporavisual stimuli, suchasthe classi cation of
dynamictexturesor theclassi cationof patternf highway
trafc o w undervariableervironmentalconditions. The
new large-magin solutionis shavn to performwell above
thestateof theartandto producequitepromisingresultsfor
dif cult problemssuchasmonitoringhighway congestion.

2. Modeling motion ow

Variousrepresentationsf a video sequenceasa spatio-
temporaltexture have beenproposedin the vision litera-
ture over the last decade Earlier efforts wereaimedat the
extractionof featuresthat captureboth the spatialappear
anceof atexture andthe associatedanotion ow eld. For

example,in [10], temporaltexturesare representedby the
rst andsecondorder statisticsof the normal o w of the
video. Thesetypesof strictly feature-basedepresentation
canbe useful for recognitionbut do not provide a proba-
bilistic modelthatcould be usedfor kerneldesign.

More recently variousauthorgproposedo modelatem-
poraltexture asa generatie processresultingin represen-
tationsthatcanbe usedfor both synthesisandrecognition.
One exampleis the multi-resolutionanalysistree method
of [11], whichrepresentatemporakextureasthehierarchi-
calmulti-scaletransformassociatewvith a3D wavelet. The
conditional probability distributions of the wavelet coef-
cientsin thetreeareestimatedrom acollectionof training
examplesandthe texture is synthesizedy samplingfrom
this model. Anotherpossibility is the spatio-temporahu-
toregressie (STAR) modelof [5], which modelsthe inter-
actionof pixelswithin alocalneighborhooaverbothspace
andtime. By relying on spatio-temporallyocalizedimage
featurestheserepresentationare incapableof abstracting
thevideointo apairof holisticappearancandmotioncom-
ponents.

This problemis addressedty thedynamictexturemodel
of [6], an auto-regressve randomprocess(speci cally, a
linear dynamicalsystem)thatincludesa hiddenstatevari-
able,in additionto the obsenationvariablethatdetermines
the appearanceomponent.The motion o w of the video
is capturedby a dynamic generatre model, from which
the hiddenstatevectoris dravn. The obsenation vector
is thendrawn from a secondgeneratre model,conditioned
on the statevariable. Both the hiddenstatevectorandthe
obsenation vector are representatie of the entire image,
enablingaholistic characterizationf themotionfor theen-
tire sequencekor thisreasonwe adoptthedynamictexture
modelin the remaindeof this work.

2.1 The dynamic texture model

Thedynamictexturemodel[6] is de ned by

Ax: + By (1)
Cxt + Wi 2)

Xt+1 =
Yo =

wherex; 2 R" is a sequenceof n-dimensionalhidden
(state)randomvariables,y; 2 R™ a m-dimensionalse-
guenceof obsened(videoframe)randomvariablesy; 4
N (0; I, ) any-dimensionablriving procesgtypically n
m and ny n), and w; i« N(O;R) an obsera-
tion noise process. The modelis parameterizedy =
(A;B;C;R;Xo), whereA 2 R" ";B 2 R" ™:C 2
R™ "R 2 R™ ™, andxg is a known initial state.Note
thatBv; N (0; Q) whereQ = BBT. Thecovarianceof
the obsenationnoiseis assumedo bei.i.d,i.e.R =  2lp,.
The sequencé y;g encodeghe appearanceomponent
of the video (video frames),and the motion componenis



time

Figure 2. Exampleof thedynamictexture model: (top) frames
from atrafc sequence(middle)the rst threeprincipal compo-
nents;(bottom)thetrajectoryof the statespacecoefcients.

encodednto the statesequencé x;g. The hiddenstateis

modeledasa rst-order Gauss-Markv processwherethe

stateattime t + 1, x{+1, is determinedby the transition
matrix A, the stateat time t, x;, andthe driving process
Vi. Theimageattimet, y, is a linear combinationof the

principal component®f the entire video sequencestored
in the columnsof C, with eachcomponentveightedby the

correspondingoefcient in the statevectorx;. Figure2

shavs anexampleof atraf ¢ sequenceits rst threeprin-

cipal componentsandthe statespacecoefcients.

3. The SVM and probabilistic kernels

A supportvector machine(SVM) [8] is a discrimina-
tive classi er that constructsa maximum-magin hyper
planebetweenwo classesisinga setof training examples

tion guarantee$or learningandusuallyleadsto improved
performance putsidethe training set, when comparedto
classicalmethodsbasedon Bayesiandecisiontheory[12].
Thetraining examplesthataremostdif cult to classifyare
referredto assupportvectors,anddeterminethe separating
hyperplane.

The SVM canbeaugmentedby usingthe“k ernel”trick,
which mapsthe training examplesinto a high-dimensional
non-linearfeaturespace.This featurespaceransformation
is de ned by thekernelfunctionK : X X I R. One
interpretatiorof the kernelfunctionis thatK (x;; x; ) mea-
suresthe similarity betweerthetwo pointsx; andx; in the
spaceX . A popularexampleis theGaussiarkernel,de ned
asKg(xi;xj) = exp( kx; x;k?).

If the training examplesare representeds probabilis-
tic models(e.g. dynamictextures), the kernel becomes
a measureof similarity betweenprobability distributions.
A probabilistickernelis thus de ned as a mappingK
P P! R,whereP isthespaceof probability distribu-
tions. Onesuchkernelis the Kullback-Leiblerkernel[13],
dened asKk L (p;d,= exp( (D(pkq) + D(qkp))),

where D (pkq) =, p(x)log %dx is the Kullback-

Leibler (KL) divergencebetweenthe probability distribu-
tions p(x) andq(x) [15]. TheKL divergenceis a natural
distanceneasurdetweertwo probabilitydistributions,and
theKL kernelin probabilityspaces analogouso the Gaus-
siankernelin Euclideanspace. The KL kernelhasbeen
shawvn to achieve very goodresultsin the domainsof ob-
ject[9] andspeech13] recognition.

4. Probabilistic kernelsfor dynamic textures

In this sectionwe introducea probabilistickernelfor vi-
sualprocessethatcanbe modeledasdynamictextures.

4.1 Generalconsiderations

Thedynamictexture modelprovidesa probability distri-
bution of thetexturein bothimageandstatespace.This al-
lows thederivationof two kernelsthatcangroundtheclas-
si cation in eithertheappearancer the o w of thedynamic
texture. Groundingthe classi cationonimagespacetends
to favor iconic pixel matchesandleadsto bestperformance
whenthe goalis to differentiatebetweendynamictextures
of differentvisual appearancée.g. a ock of birdsfrom a
schoolof sh in Figurel). Underthis approachtwo se-
guencef distinct texturessubjectto similar motion can
be correctlyidenti ed. It is, however, not clearthatthe dy-
namictexture modelis of greatsigni cancein this context:
a simple appearancelassi er based,for example,on the
principal componentdecompositiorof the sequencesnay
achieve goodresults. Ideally, the kernelbasedon the dy-
namictexturemodelshouldachiese performancetleastas
goodasthatof astatickernel,whenthisis thecase.

An alternatve classi cation scenariois that wherethe
different classeshave similar appearancend all the dis-
criminantinformationis containedn the motion o w. For
example, problemssuch as determiningthe level of traf-
¢ ona highway, or detectingoutliersand unusualevents
(e.g. carsspeedingor committingothertraf c violations).
Sincefor thesecaseghe iconic pixel matchinginherentto
existing statickernelsis clearlyinappropriatethesearethe
casesvheredynamickernelshave the greatespotentialfor
improvementover the stateof theart.

In summary dependingon the speci ¢ classi cation
problem,it may be advisableto groundthe classi cation
on eitherthe statespaceor the imagespacecomponent®f
thedynamictexturemodel. In theremaindeof this section
we derivetheKL kernelfor thesetwo representations.

4.2 Probability distrib utions
We start by obtaining the probability distributions of

the Gauss-Markv procesghat modelsthe stateof the dy-
namictexture. Recursiely substitutinginto (1), it canbe



Figure 3. Exampleof the convemgenceof the KL divergence
rateversus . Theclusteringof generatie modelsin the sameand
differentclassesanalsobeseen.

ShONrb[14] that x; N( ¢;St) where ; = Alxg and
S = .o AIQ(A)T. Similarly, the covariancebetween
two states; andx;o is

_ A S0 >0
Stro = SU “t< to (3)
Theimagey; is alineartransformatiorof the statex;, and
hencey N (C ;CS;CT + R). Furthermorethecovari-
ancebetweertwo imagesy; andyiois o= CSyoCT.

4.3 Projection betweenstate spaces

TheKL divergencebetweerstatespacesannotbe com-
puteddirectly becauseachdynamictextureusesadifferent
PCA space Instead pnestatespacemustbe projectednto
theotherby applyinga sequencef two transformationsi)
from the original statespaceinto imagespaceand?2) from
imagespaceinto thetargetstatespace.If the original state
spacds thatof x; andthetargetthatof x5, thisis thetrans-
formation®; = Fx; with F = CJ C;. From(1),

Xt+1 = AXg + Biw (4)
Fxis1 = FAF Fx;+ FB1v (5)
Res1 = AR+ Biv (6)

andthetransformatiorof a Gauss-Markv proceswith pa-
rametergA1;B1; Xo1) is aGauss-Markv processith pa-
rametersA\l = (C; Cl)Al(C; C1) 1 B\l = (C; C1)B1,
and®o1 = (CJ C1)xo1. TheKL divergencebetweenstate
spacescan now be computedwith this transformedstate
model.

4.4. KL divergencebetweenstatespaces

The KL divergencerate betweerntwo randomprocesses
with distributions,p(X ) andg(X ) overX = (X1;X2;::3),
isde nedas

D(p(X) ka(X)) = fim D (p(xy) kaxy)): ()

If p(x;) andq(x,) arethe probability distributions of the
statesequence; = (x1; ;X ) of two dynamictextures

Figure 4. Examplesfrom the databasesisedfor evaluation:
(top) the dynamic texture database;(bottom) the trafc video
database.

parameterizethy (A1; Q1;Xo1) and(Az; Q2; Xo2), the KL
divergenceonthe RHS of (7) is (se€[16] for derivation),

1 1 Q2]
-D X k X = —= |0 —_— 8
(p(X1) ka(x4)) > gJQlJ (8)
1
+1(Q Q1) N+ “KAxor AgXoak(,
#
+ 17 0 ATQAG 1+ i1 T )
i=2
whereA = A; A,,andS; ; and ; 1 arethecovariance

andmeanassociatedvith thestatex; ; of the rst dynamic
texture,andkxké = x'Q x. In practicetheKL ratecan
be estimatedby setting to somelarge number Figure3
shaws a graphof someexamplesof the KL betweendy-
namictexturesin statespace.The KL rate corvergesas
increasesandthe clusteringbetweengeneratie modelsin
thesameanddifferentclassesanbeseen.

4.5 KL divergencein imagespace

Sincetheimageprobability of a dynamictextureis dis-
tributedasa Gaussianthe KL divergencebetweertwo im-
agesequencelistributionsp(y, ) andq(y; ) is,

1 -
D(p(y1) ka(y1)) = 5 logi—1
J 1)
(Lt )tk oK, m ©)

where 1, 1, 2, and , arethe meanand covariances
of the image sequencey,; for the two dynamictextures.
Direct computationof the KL divergencebetweenimage
sequencess intractablesincethe covariancematricesare
m m , wherem is the numberof pixelsin a frame.
Using several matrix identities, it is possibleto rewrite the
termsof theimageKL into arecursveform thatis computa-
tionally ef cient andonly requiresstoringn  n matrices
(recalln m). For brevity, we omit the detailshereand
referthereaderto a companiortechnicalreport[16].



5. Experimental evaluation

We evaluatethe performanceof motion ow recogni-
tion usingthe KL kernelon two video databasesThe rst
databaseontainsmary visually distinct classes.The sec-
onddatabasehasedontraf c video,containsvisually sim-
ilar classesbut with varyingtemporalcharacteristics.

5.1 Dynamic texture database

The dynamictexture databaseisedin [17] contains50
classesof varioustexture, including boiling water, foun-
tains, re, rippling water, waterflls, and plantsand o w-
ersswayingin thewind. Eachclasscontainsfour grayscale
videosequencewith 75framesof 160 110pixels. Each
sequencevasclippedtoa48 48window thatcontainedhe
representatie motion. Figure4 (top) shows several exam-
plesof thevideopatchegrom thedynamictexturedatabase.
Sincealmostall of the classesrevisually distinct,the ap-
pearance&omponenbf the modelis likely to be asimpor-
tantfor classi cationasthemotioncomponent.

5.2 Traf ¢ videodatabase

The traf c video databaseconsistsof 254 video se-
guence®f highwaytraf ¢ in Seattlecollectedromasingle
stationarytraf c cameraover two days[18]. The database
containsavarietyof traf c patternsaandweatherconditions
(e.g. overcast,raining, sunry, rain dropson the camera
lens). Eachvideo wasrecordedin color with a resolution
of 320 x 240 pixels with between4?2 to 52 framesat 10
fps. Eachsequenceavas corvertedto grayscaleyesizedto
80 x 60 pixels,andthenclippedto a 48 x 48 window over
theareawith the mosttotal motion. Finally, for eachvideo
clip, the meanimagewas subtractedandthe pixel intensi-
tieswerenormalizedto have unit variance.This wasdone
to reducetheimpactof thedifferentlighting conditions.

The databasevas labeledby handwith respectto the
amountof traf ¢ congestionn eachsequenceln totalthere
were 44 sequencesf heary trafc (slow or stop and go
speeds)45 of mediumtraf c (reducedspeed)and165 of
light traf c (normalspeed)Figure4 (bottom)showvs arep-
resentatie setof clipsfrom this databaseAll clipsarevery
similar in thatthe views are obtainedwith a x ed camera
facingthe samestretchof road,andthe motionis alwaysin
the samedirectionandcon ned to the samearea.Thus,an
effective classi er for this problemmustbe ableto distin-
guishbetweerthe differentpatternsof o w, i.e. theunder
lying temporalprocess.

5.3 Experiment setup

The parametersof the dynamic texture model were
learnedfor eachvideoclip usingthe methodof [6]. To en-
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Figure 5. Classi cationaccuray of the SVM with theKL ker
nelontwo databasegieft) thedynamictexture databaseisingthe
imageKL kernel; (right) thetrafc video databaseisingthe state
KL kernel. Theperformancef the nearesheighborsclassi er us-
ing theKL distanceandthe Martin distancds alsoshavn, andn is
thenumberof principalcomponentsisedin thedynamictexture.

surethattheKL divergencecorverged thetransitionmatrix

A wasscaledsothatthe largesteigervalueslie on the unit

circle. In addition, the covarianceof the driving process
wasregularizedto preventproblemswith singularmatrices,
i.e. wesetQ®= Q+ I,. All classicationresultswere
averagedover four trials. In eachtrial the datasetwassplit

differentlywith 75% usedfor trainingandcross-walidation,
and25%reseredfor testing.

For the dynamictexture databaseSVMs were trained
usingthe KL kernelin imagespace( = 25), andfor the
traf c videodatabasethe SVMs weretrainedwith the KL
kernelin statespace( = 250. A one-\ersus-allscheme
wasusedto learnthe multi-classproblem,andthe C and
parametersvereselectedising3-fold cross-alidationover
the training set. The SVM training and testingwas per
formedusingthelibsvm softwarepackagg19]. We also
testeda nearestieighbor(NN) classi er using the image
spaceand statespaceKL as distancemeasures.Finally,
for comparisonwith the state-of-the-arta nearestneigh-
bor classi er was implementedusing the Martin distance
[20,21] assuggestedh [17].

5.4. Results

The resultson the dynamictexture databasepresented
in Figure5 (left), shav thattheimage-basedL classi ers
performssigni cantly betterthanthe Martin distanceclas-
si er (animprovementof the bestclassi cation accurag
from 89%to 96%). Note thatthe accuracie®f theimage
KL classi ersimprove asthe numberof principal compo-
nentsn decreases.This was expectedsincethe dynamic
texture databaseontainsmary visually distinctclassedor
which the appearanceeomponentsis more discriminant
thanthe motion. In fact,in the degeneratecaseof n = 0,
thevideois modeledasa Gaussiarwhosemeanis themean
imageof the video sequenceand covarianceis the devia-
tion of the framesfrom this mean. Note how, by achies-
ing top performancefor a small numberof components,
theimage-base#L classi ersvirtually becomestaticclas-



Figure 6. Nighttimetrafc videoswith atrafc jam.

si ers. In contrast,the Martin distancenearesineighbors
classi er doesratherpoorly with a small numberof com-
ponents. Hence,althoughperformanceémprovesasn in-

creasesit never reachesanaccurag comparabléo that of

theKL-basedclassi ers.

Figure5 (right) presentshe resultsobtainedon the traf-
¢ videodatabaselt canbe seenfrom this gure thatthe
two stateKL classi ers outperformthe Martin NN classi-
er on this database.Furthermoreall classi ersimprove
asthe numberof principal componentsncreases¢on rm-
ing the fact that a static classi er would do ratherpoorly
on this database Comparingthe performanceof the state
KL classi ersversusthe Martin NN counterparit canbe
concludedhatl) thestateSVM-KL combinations consis-
tently better and?2) the stateNN-KL combinationis better
forn 15andalsoachiesesa highermaximumaccurag.

Overall, the imageand stateKL classi ers outperform
the Martin distancenearesneighbormethodin classi ca-
tion taskswith bothvisually distinctvideotextures,andvi-
sually similar, but temporallydistinct, video textures. The
KL classi ersarealsocapableof spanninghe gamutfrom
staticto highly-varying dynamicclassi er and, therefore,
provide agenericframawork for theclassi cationof alarge
variety of video streams. Comparingthe performanceof
thetwo KL classi ers,it is clearthatSVM-KL combination
achievesbetterclassi cation performancehanNN-KL. In
particular the greaterobustnes®of the SVM classi erto a
poor selectionof the numberof componentsndicatesthat
it hasbettergeneralizatiorability.

Finally, we testedthe robustnessof the dynamictex-
tureandKL classi cationframework by usingthe trained
classi ersto labela setof 12 sequentiatraf ¢ videosthat
spannedan hour at night, andcontaineda trafc jam (Fig-
ure 6). The NN-KL and SVM-KL correctly labeledthe
12 video sequencesncluding the event of the trafc jam
(heavy trafc), andthe eventsof reducedspeed(medium)
trafc leadingup to and immediatelyfollowing the traf-
¢ jam. Thisis particularlyinterestingsincethe classi ers
weretrainedwith daytimeimagescontainingnormally lit
cars,yet they areableto correctly label nighttimeimages
wherethecarsarerepresentedsheadlightaandapair of tail
lights. Theseresultsprovide evidencethatthe dynamictex-
turemodelisindeedextractingrelevantmaotioninformation,
andthat the proposedclassi cation framework is capable
of usingthe motion modelto discriminatebetweenclasses
of motion. We are currentlyexploring how this framework

could be usedfor trackinghighway congestionanddetec-
tion of outlier eventssuchasspeedingarsandaccidents.
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