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Abstract—We proposeto model the trafc ow in a video
using a holistic generative model that doesnot require segmen-
tation or tracking. In particular, we adopt the dynamic texture
model, an auto-regressve stochastic process,which encodesthe
appearance and the underlying motion separately into two
probability distrib utions. With this representation, retrieval of
similar video sequencesand classi cation of traf c congestion
can be performed using the Kullback-Leibler divergence and
the Martin distance. Experimental results shov good retrieval
and classi cation performance,with robustnessto environmental
conditions such as variable lighting and shadows.

|I. INTRODUCTION

In recentyears the useof video systemdor traf c monitor
ing hasshavn promiseover that of traditionalloop detectors.
The analysisof traf ¢ video can provide global information,
suchas overall trafc speed,lane occupang, and individual
lane speedalongwith the capabilityto track individual cars.
Becausevideo systemsare less disruptive and less costly to
install thanloop detectorsjnteresthasgrown in building and
using large cameranetworks to monitor different aspectsof
traf c, suchastrafc congestion.

Most of the existing work in monitoring trafc usesa
vehiclesggmentatiorandtrackingframework. First, a potential
vehicleis sggmentedrom the scenausingmotioncues[1] [2],
or throughbackgroundsubtraction[3]. Once seggmentationis
performed the objectsaretracked betweenframesusingrule-
basedsystemd1], Kalman lters, or Condensatiofd]. In [3],
objecttrajectoriesarerepresentedspolynomialcurves,which
are usedfor video retrieval. The vehicle tracking framework
has the disadwantagethat its accurag is dependenton the
quality of the segmentation.The segmentationtask becomes
moredif cult with the presencef adwerseervironmentalcon-
ditions, suchaslighting (e.g.overcastglare,night), shadavs,
occlusion, and blurring. Furthermore,segmentation cannot
be performedreliably on low resolutionimageswhere the
vehiclesonly spana few pixels. Trackingalgorithmsalsohave
problemswhenthereare mary objectsin the scenewhich is
typically the casefor highways sceneswith congestion.

Severalrecentmethodsnessethe problemsassociatedavith
vehicle tracking by analyzingthe low-level motion vectors
provided by MPEG video compression.n [5], the MPEG
motion vector eld is ltered to remove vectorsthat are not
consistentvith vehiclemotion,andtrafc o w is estimatedy
averagingthe remainingmotion vectors.The work of [6] uses
a probabilisticapproachthatmodelseachcategory of trafc as
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a Gaussian-mixturbiddenMarkov model(GM-HMM), which
is learnedfrom featurevectorsextractedfrom the MPEGvideo
stream.Classi cation is performedby selectingthe cateyory
correspondingo the GM-HMM of largestlikelihood for the
gueryvideo. While thesetwo methodsdo not rely on vehicle
tracking, they dependon the estimationof motion vectors,
which may be subjectto noisewhenthereare mary vehicles
in the scene.

Sincemostof theinformationrequiredfor the classi cation
of trafc video is containedin the interaction betweenthe
mary motionsthat it contains,a holistic representatiorcan
be usedto capturethe variability of the motion eld without
the needfor seggmentingor tracking individual components.
In this paper we proposeto model the entire motion eld
as a dynamic texture, which is an auto-r@ressie stochas-
tic processwith both a spatial and a temporal component
[7]. Distancesbetweendynamic textures can be computed
using either information theoreticalmeasuresof divergence
(e.g.the Kullback-Leiblerdivergence)betweenthe associated
probability distributions,or throughgeometricneasurebased
on their obsenable space(e.g. the Martin distance).Using
thesedistancemeasurestraf ¢ videossimilar to a query can
be retrieved, or the trafc congestionof the query can be
classi ed using the nearestneighborsclassi er or a support
vector machine (SVM) [8] basedon the Kullback-Leibler
kernel [9]. The probabilistic SVM framewvork combinesthe
generalizationguarantee®f the large-magin SVM method,
with the robustnessof the underlying probabilistic models,
and has beensuccessfullyappliedto object[10] and speech
[9] recognition.

Sinceonly the motionis modeled the proposedrameavork
is inherentlyinvariantto lighting changesln addition,because
the model does not rely on a densemotion eld basedon
pixel similarity (e.g. correlationor optical ow), it is robust
to occlusion, blurring, image resolution, and other image
transformationsWhile the systemproposedn this work was
trainedandtestedon a singlecameraview, it canbeaugmented
to handle multiple cameraviews by transformingthe video
from eachcameraview into a commonframe of reference.

The paperis organizedasfollows. In Sectionll we discuss
the dynamictexture model. The Kullback-Leiblerdivergence
and the Martin distance betweendynamic textures are in-
troducedin Sectionlll. Finally, SectionlV presentsresults
from a video retrieval experimentand a trafc congestion



Fig. 1. Framesfrom avideo of highway trafc. (courtesyWashingtonState
Departmeniof Transportation)

time

Fig. 2. Dynamictexture modelfor Figure 1: (left) the rst threeprincipal
components(right) the statespacetrajectoryof thecorrespondingoefcients.

classi cation experiment.

Il. MODELING MOTION FLOW

Various representation®f a video sequenceas a spatio-
temporaltexture have beenproposedin the vision literature
over the last decade.Early methodswere basedon motion
featuresextracted from the video, e.g. the statisticsof the
normal o w [12]. More recently temporaltextureshave been
modeledas generatre processessuchasthe multi-resolution
analysigtree[13] or thespatio-temporahutorgressie (STAR)
model[11]. The temporaltexture modeladoptedn this work
is thedynamictexture modelof [7], anauto-rggressverandom
procesqspeci cally, a linear dynamicalsystem)that includes
ahiddenstatevariableandanobsenationvariable. Themotion
ow is capturedby a dynamicgeneratie model,from which
the hiddenstatevectoris dravn. The obsenationvectoris then
dravn from a secondgeneratie model, conditionedon the
statevariable.Both the hiddenstatevectorandthe obsenation
vector are representatie of the entire image, enabling a

holistic characterizatiomf the motionfor the entiresequence.

A. The DynamicTexture Model
The dynamictexture model[7] is de ned by

Xt+1 = (1)
Yo = 2

wherex; 2 R" is a sequencef n-dimensionahidden(state)
randomvariables,y; 2 R™ a m-dimensionalsequenceof
obsened (video frame) randomvariables,v; s N (0;1,)
a n-dimensionaldriving process(typically n m), and
W; 4 N (0;R) an obsenation noise process.The model
is parameterizedby = (A;B;C;R;xp), where A 2
R" "B 2R"™C2R™"™"R2R™™ andxp is a
known initial state.Note that Bv; N (0; Q) whereQ =
BB . The covarianceof the obsenation noiseis assumedo
beiid,ie.R= 2l,.

The sequencd y;g encodeshe appearanceomponentof
the video frames,and the motion componenis encodednto

Ax: + By
CXt + W

the state sequence x;g. The hidden stateis modeledas a
rst-order Gauss-Markv processwherethe future statex;.;
is determinedby the transitionmatrix A, the currentstatex;,
and the driving processv;. The imageframey; is a linear
combinationof the principal componentf the entire video
sequencestoredin the columnsof C, with eachcomponent
weightedby the correspondingcoefcient in the statevector
Xt. Figure1 and2 shav an exampleof a trafc sequenceits
rst threeprincipal componentsand the correspondingstate
spacecoefcients.

B. ParameterEstimation

In general, the parametersof an autor@ressve process
can be learnedby maximum likelihood (e.g. N4SID [14]).
However, thesesolutionsare infeasible for dynamic texture
models,dueto the high dimensionalityof the obsenedimage
space A suboptimal(but tractable)alternatve [7] is to learn
the spatial and temporal parametersseparately If YN =
N is the matrix of obsenedvideoframes,
andYN = U VT is thesingularvaluedecompositio(SVD)
this leadsto

¢ = u XM= VT ©)
A= RIORYY (4)
1 1
= Ny 1 Y o ()
i=1
whereXN = [R1;:::;%\] is a matrix of stateestimatesM ¥
is the pseudo-inerseof M, and¢; = R¢+1 AR,

I1l. DISTANCE MEASURES BETWEEN DYNAMIC TEXTURES

Since the dynamic texture model provides a probabilistic
descriptionin boththe stateandtheimagespacefwo dynamic
textures can be comparedin either of thesespaces.In the
former case,the distribution of the rst state spaceis pro-
jectedinto the secondstate space,and the Kullback-Leibler
(KL) divergenceis computedbetweenthe two distributions.
In the latter, the KL divergenceis computedbetweenthe
obseneddistributionsin imagespaceln additionto thesetwo
informationtheoreticmeasuresgynamictexturescanalso be
comparedusing the Martin distancewhich is a metric based
on the anglesbetweenthe obsenable linear subspacesin
the remainderof this section,we discussthesethreedistance
measures.

A. Probability Distributions

The stateof the dynamictextureis a Gauss-Markv process
[15], wherethe conditionalprobability of statex; given state
X: 1 IS Gaussian

p(xtjxt 1) = G(Xt;Axt 1;Q) (6)

where G(x; ; Q) = ((2 )"jQj) %exp( %kx ké), and
kxk? = xTQ x. Recursiely substitutinginto (1), we obtain
the probability of a single statex;

p(xt) = Glxt; ;S) ()
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Letx; = (X1;:::;X ) beasequencef statevectors,then
the probability of a statesequencés also Gaussian

p(x1) = G(Xq5 5 ) (8)
where = ] T T andthe covarianceis
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Theimagesequencey, is alinear transformatiorof the state
sequenceandis thus given by

p(y;) = G(y1; ;) (10)
where =C and =C CT+R,andC andR areblock
diagonalmatricesformedfrom C andR respectiely.

B. Projection betweenStateSpaces

The KL divergencebetweenstate spacescannotbe com-
puteddirectly becauseeachdynamictexture usesa different
PCA space.Instead,the original statespacex; mustbe pro-
jectedinto the secondstatespacex, usingthe transformation
R; = CJCixj. If x; is the state spacewith parameters
(A1;B1;Xo01), thenthe transformed®, will have parameters
givenby Ay = (CJ C1)A1(CI Cy) 1, By = (C] Cy)By, and
Ro1 = (C2T C1)xo1- The KL divergencebetweenstatespaces
cannow computedwith this transformedstatemodel.

C. KL DivergencebetweenStateSpaces

The KL divergencerate betweentwo random processes
with distributions, p(X) and g(X) over X (X1; X251,
is de ned as

D(p(X)kg(X)) = fim D (p(xy) kaxy)): (A1)
where D(pkq) = RX p(x) log %dx is the KL divergence
betweenthe two pdfs p(x) and g(x). If p(x;) and g(x;)
are the statepdfs of two dynamictextures parameterizedy
(A1;Q1;X01) and (Az; Q2;Xo2), the KL divergenceon the
RHS of (11) is given by [16],

1 1Q2j

1
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(p(x1) ka(xy)) 5 gJQlJ (12)
1
+1tr(Q,'Q1) n+ =KkAiXor Azxozkéﬁ
17 0 ATQAGS 1+ i1 T )

i=2

whereA = A;  A,, andS; ; and ; ; arethe covariance
and meanassociatedvith the statex; 1 of the rst dynamic
texture.

D. KL Divergencein Image Space
The KL divergence rate betweenimage probabilities is

found by noting that p(y;) N( 1, 1) and qy;)
N ( 2; 2) andhence,
1 o
D (p(y1) ke(yy)) = > log -2

2 7]

+t( ot )+ kg

1)

2K, m (13)

Direct computationof (13) is intractablesincethe covariance
matriceshave (m )? elementsBy usingseveral matrix iden-
tities, (13) can be rewritten into a computationallyef cient

recursve form [17].

E. Martin Distance

The Martin distance[21], introducedin [18] as a distance
metricbetweertwo dynamictextures,is basedn theprincipal
anglesbetweenthe subspace®f the extendedobsenability
matricesof the two textures[22]. Formally, let ; and »
be the parametersepresentingwo dynamictextures,thenthe
Martin distanceis de ned as,

) Y
d( 1; 2)°=log

i=1

where ; is the i-th principal angle betweenthe extended

obsenability matrices O and O} , dened as O}

cT ATCT (AT)nCT T It is shawn in [22]

that the principal anglescan be computedas the solution to
the following generalizeceigervalue problem:

1
co? (14)

0 01, X _ o O X
©T 0 y T o ok (9
subjectto xT O1,;x = 1 andy" O,y = 1, where
X
Oy =(0)70; = (ADTCICA] (16)

t=0
The rst n largesteigervaluesarethe cosinesof the principal
anglesj.e. ;= cos; fori= 1;2;:::;n.

IV. EXPERIMENTAL EVALUATION

The proposednotion modelwasevaluatedn aretrieval and
classi cation problemfor traf c video sequences.

A. Trafc Video Databaseand Setup

Thetraf c videodatabaseonsistecf 254 video sequences
(20 total minutes) of daytime highway trafc in Seattle,
collected from a single stationarytrafc cameraover two
days[19]. The databaseontainsa variety of trafc patterns
and weatherconditions (e.g. overcast,raining, sunry). Each
video clip wasrecordedn color at 10 fps with a resolutionof
320 x 240 pixels and had 42 to 52 frames.A representatie
video patchwas createdby corverting the videoto grayscale,
shrinkingthe resolutionby 4, andselectinga 48 x 48 window
overtheareawith the mosttotal motion. For eachvideo patch,
the meanimagewas subtractedandthe pixel intensitieswere
normalizedto have unit variance.



Fig. 3. Examplesof road patchesusedfor retrieval and classi cation.
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Fig.4. (left) Precision-recaltune for trafc videoretrieval; (right) Accuray
of congestiorclassi cation. The x-axisis the numberof principalcomponents
(n) usedin the dynamictexture model.

The parameter®f the dynamictexture modelwerelearned
for eachvideo patchusing the methodof Sectionll-B. The
imageKL betweerdynamictextureswascomputedusing
25, and the stateKL and Martin distancewith = 250 To
ensureghatthe KL divergencecorverged,thetransitionmatrix
A was scaledso that the largest eigervalueslie on the unit
circle. In addition, the covarianceof the driving processwas
regularizedto preventproblemswith singularmatricesj.e. we
setQ%= Q+ Iy.

The ground truth classi cation for each video clip was
determinedby hand, and the databasecontaineda total of
44 instancesof heary trafc (slow or stop and go speeds),
45 of mediumtraf c (reducedspeed)and 165 of light traf c
(normal speed).Figure 3 shavs a representatie set of clips
from this databaseAll experimentalresults were averaged
over four trials, where in each trial the datasetwas split
differently with 75% usedfor training and cross-alidation,
and 25% resened for testing.

B. Retrieval of Trafc Video

Themotionmodelwastestedn avideoretrieval experiment
wherethe goalwasto retrieve instancef traf ¢ patternghat
were similar to the queryvideo. For the experiment,dynamic
texture modelswith 15 principal componentsvere used,and
the state KL divergenceand Martin distancewere used as
similarity measuresTheprecision-recalturvefor traf ¢ video
retrieval is presentedn Figure 4 (left). The Martin distance
andstateKL divergenceperformsimilarly, with the stateKL
distanceperformingslightly better Figure 6 shavs the results
of several queriesfor light, medium,and heavy trafc using
the stateKL divergence.A query using nighttime sequences
outsideof the original databasés presentedn Figures6d, 6e,
and6f, andshaws thattheretrieval systemis robustto variable
lighting conditions.In addition the framework is robust to
occlusionand blurring due to raindropson the cameralens,

PREDICTED

| heawy medium light
w heary 37 7 0
B medium 4 39 2
[ light 0 1 164
TABLE |

CONFUSION MATRIX FOR CONGESTION CLASSIFICATION

asseenin the 3rd and 5th resultsof Figure 6e.

C. Classi cation of Trafc Congestion

The traf ¢ congestionin a video clip was classi ed using
a nearestneighbors(NN) classi er with the imageKL, state
KL, or Martin distances.Classi cation was also performed
using a supportvector machine (SVM) with the Kullback-
Leibler kernel [9]. A one-wersus-all schemewas used to
learnthe multi-classproblem,andthe SVM parametersvere
selectedusing 3-fold cross-alidation over the training set.
Thelibsvm software packagdq20] wasusedfor trainingand
testing.

D. Classi cation Results

Figure 4 (right) presentghe resultsobtainedin the classi -
cation experiment.lt can be seenthat the two stateKL clas-
si ers outperformthe Martin NN classi er. In particular the
stateKL-SVM combinationis consistentibetter andthe state
KL-NN combinationis betterfor n 15 and also achieves
a higher maximum accurag. The SVM-KL achieses better
classi cation performancethan NN-KL, and the robustness
of the SVM classi er to a poor selectionof the number of
componentsndicatesthat it hasbettergeneralizatiorability.
The performanceof the image KL classi ers drops as the
number of principal componentsncreases.This is because
thereis no abstractionof motion in the image space.Hence
asthe amountof motionthat canbe modeledis increasedthe
classi cation problem using this distancemeasurebecomes
harder

The bestclassi er, the stateKL-SVM with 15 components,
hasan overall accurag of 94.5%.Tablel shawvs its confusion
matrix, averagedover the four testtrials. Figure 7 shows ser-
eralclassi cationexamplesunderdifferentlighting conditions:
(a) sunry lighting, including strongshadavs; and (b) overcast
lighting, includingraindropson the camerdens. Several night
time videosoutsidethe original databaseverealsofed through
thesameclassi er. Eventhoughthe classi er wastrainedwith
video taken during the day; it is still able to correctly label
the nighttime video sequencesThis is particularlyinteresting
sincethe visual appearancef a car during the day is vastly
different from its appearancat night. Theseresultsprovide
evidencethat the dynamictexture modelis indeedextracting
relevant motion information, and that the SVM framework is
capableof using the motion model to discriminatebetween
motion classes.

A nal experimentwas conductedto identify the trafc
patternof the highway during the day. The SVM and nearest
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Fig. 5. Classi cationof congestiorin trafc sequencespanningl5 hours:(top to bottom)groundtruth; classi cationusingstateKL SVM, stateKL nearest
neighbors,and Martin distancenearesheighbors Errors are hilighted with circles.

neighborclassi ersweretrainedusing61 sequencespanning
4 hours from the rst day, and testedon 193 sequences
spanningl5 hoursfrom the following day. The groundtruth
classi cation and the outputsof the state-KL SVM, state-KL
NN, andMartin distanceNN classi ersareshovn in Figure5s.
The increasein traf c dueto rush hour canbe seenbetween
2:30PM and 6:30 PM.

V. CONCLUSIONS

We presenteda methodfor modelingtrafc o w patterns
holistically using dynamictexture models.Whencomparedo
previous solutions,the analysisof motion with thesemodels
has several advantages:a) it doesnot require sggmentation
or tracking of vehicles;b) it doesnot require estimationof
a densemotion vector eld; andc) it is robust to lighting
variation, blurring, occlusion,and low imageresolution.Ex-
perimentalresultsusingthe holistic modelshav good perfor
mancein the domainsof video retrieval and classi cation of
traf c congestion.
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Fig. 6. Video retrieval resultsfor (a) light trafc, (b) mediumtrafc, and(c) heary trafc during the day Retrieval using a night sequenceoutsidethe
original databasédor (d) light, (e) medium,and (f) heary trafc shaws robustnesso lighting conditions.
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Fig. 7. Classi cationof trafc congestionin variablelighting conditions:(a) sunty, (b) overcast,and (c) nighttime.



