
Dynamic TextureSegmentation

GianfrancoDorettoy DanielCremersy PaoloFavarozy StefanoSoattoy

y Dept.of ComputerScience,UCLA, LosAngeles,CA 90095,f doretto,cremers,soattog@cs.ucla.edu
z Dept.of ElectricalEng.,WashingtonUniversity, St. Louis,MO 63130,fava@ee.wustl.edu

Abstract

Weaddresstheproblemof segmentinga sequenceof im-
agesof natural scenesinto disjoint regionsthatarecharac-
terizedbyconstantspatio-temporal statistics.Wemodelthe
spatio-temporal dynamicsin each regionbyGauss-Markov
models,and infer the model parameters as well as the
boundaryof theregionsin a variationaloptimizationframe-
work. Numericalresultsdemonstrate that – in contrast to
purely texture-basedsegmentationschemes– our methodis
effectivein segmentingregionsthat differ in their dynamics
evenwhenspatialstatisticsare identical.

1. Intr oduction

Considerthefollowing problem,in relationto Fig.1: An
autonomousvehiclemustdecidewhatis traversableterrain
(e.g. grass)and what is not (e.g. water). This problem
canbe addressedby classifyingportionsof the imageinto
a numberof categories,for instancegrass,dirt, bushesor
water. For the mostpart, sucha classi�cation canbe ac-
complishedsuccessfullyby looking at simpleimagestatis-
tics,suchascoloror intensity. However, in many situations
thesearenot suf�cient, andthereforeit may be bene�cial
to look at spatio-temporal statistics,andattemptto classify
different portionsof the scenebasednot on the statistics
of onesingleimage,but on how the statisticsof an image
changeover time duringa sequence.Modelingthe(global)
spatio-temporalstatisticsof theentireimagecanbeadaunt-
ing taskdueto thecomplexity of naturalscenes.An alter-
native consistsof choosinga simpleclassof models,and
simultaneouslyestimatingregionsandtheirmodelparame-
tersin sucha way that thedatain eachregion is optimally
modeledby theestimatedparameters.Thisnaturallyresults
in asegmentationproblem.

In this paperwe studythe problemof segmentinga se-
quenceof imagesbasedon a simple model of its spatio-
temporalstatistics.

Before we proceedwith formalizing the problem, we

Figure 1. A typical outdoor scene:anautonomous
vehicletrying to classifythe terrainbasedon spatial
imagestatisticsfails to distinguishwaterfrom grass,
sincethe latter re�ects on the former and therefore
their spatial statisticsare very similar (courtesyof
GoogleImageSearch).

would like to point out that segmentation,in this context,
is entirely dependenton the classof modelschosen.Dif-
ferentmodelsresultin differentpartitionsof thescene,and
thereis no“right” or “wrong” result.Ultimately, theuseful-
nessof a statisticalsegmentationmethoddependson how
well thechosenmodelcapturesthephenomenologyof the
physicalscene,but unlessonehasa physicalmodelto start
with, thiscorrespondencecannotbeguaranteed.Therefore,
in Sect.1.1wedescribethemodelweuse,which implicitly
de�nes what we meanby “segmentation”. It is a Gauss-
Markov modelof theintensityof thepixelswhich is known
asadynamictexture.

Anotherissuethatwe would like to raiseat theoutsetis
that what we model is not a point process, but rathersta-
tistical distributionsboth in spaceandin time. Therefore,
therewill bea “minimum region of integration” in orderto



capturesuchstatistics,similarly to what is donein texture
segmentation.To segmentthe imageplaneinto regionsof
homogeneousdynamictextures,werevert to aregion-based
segmentationapproachpioneeredby Mumford and Shah
[13]. The Mumford-Shahfunctionalhasbeenextendedto
the segmentationof color, spatialtexture [26] andmotion
[4]. Thiswork generalizestheseapproachesto thesegmen-
tationof spatio-temporaltextures.

1.1.Formalization of the problem

Let ­ ½ R2 bethedomainof animageandf ­ i gi =1 ;:::;N

be a partition of ­ into N (unknown) regions1. We as-
sumethatthepixelscontainedin theregion­ i areaGauss-
Markov process2. In other words, thereexist (unknown)
parametersA i 2 Rn £ n ; Ci 2 Rm i £ n , covariancematri-
cesQi 2 Rn £ n ; Ri 2 Rm i £ m i , white, zero-meanGaus-
sianprocessesf v(t)g 2 Rn ; f wi (t)g 2 Rm i anda process
f x(t)g 2 Rn suchthat thepixelsat eachregion ­ i at each
instantof timearegivenby

(
x(t + 1) = A i x(t) +

p
Qi v(t); x(t0) = x i; 0

yi (t) = Ci x(t) +
p

Ri wi (t)
(1)

wherey(t) 2 Rm i representsthe vector of intensitiesat
time t of thepixelsbelongingto ­ i . Notethatweallow the
numberof pixelsm i to bedifferentin eachregion, aslong
as

P N
i =1 mi = m, thesizeof theentireimage,andthatwe

requirethat neitherthe regionsnor the parameterschange
over time,­ i ; A i ; Ci ; Qi ; Ri ; x i; 0 = const.

Given this generative model,oneway to formalize the
problem of segmentinga sequenceof imagesis the fol-
lowing: Given a sequenceof images f y(t) 2 Rm ; t =
1; : : : ; Tg with two or more distinct regions ­ i ; i =
1; : : : ; N ¸ 2 that satisfy the model (1), estimateboth
the regions­ i , and the modelparameters of each region,
namelythe matricesA i ; Ci , the initial statex i; 0, and the
covarianceof thedriving processQi (thecovarianceRi is
nota parameterof interestsinceit doesnothavesigni�cant
discriminativepower).

1.2.Relation to prior work

The model for the spatio-temporalstatisticsof one re-
gion, that we proposedin the previous section,was �rst
usedin [5]. Similarstatisticalmodelswerealsousedby oth-
ers[21, 6, 24, 9]. For synthesisof spatio-temporaltextures,
statisticalgenerative modelscanbereplacedby procedural
techniquessuchas[19, 25].

The analytical tools we useto infer the model param-
etersareborrowed from the literatureof subspacesystem

1Thatis, ­ = [ N
i =1 ­ i and­ i \ ­ j = ; ; i 6= j .

2Although this may seema restrictive assumption,it hasbeenshown
in [20, 6] thatsequencessuchasfoliage,water, smoke,andsteamarewell
capturedby thismodel.

identi�cation [15], and the discrepancy measurebetween
differentmodelsis inspiredby [3]. Sincetexturescanbe
consideredas a degeneratecaseof dynamictextures,our
work alsorelatesto texturesegmentation.For somerecent
work ontexturesegmentationsee[11, 8, 17] andreferences
therein.

We castthe problemof region segmentationin a vari-
ational framework following [13]. In particular, we revert
to a level set framework of the Mumford-Shahfunctional
introducedin [2]. Thealgorithmwe proposeallows to par-
tition the imagedomainof a video sequenceinto regions
with constantspatio-temporalstatistics.To thebestof our
knowledge,work in thisareais new.

In thenext section,we review existingwork onhow one
caninfer the parametersof a dynamictexture (1) for each
region,assumingtheregionis known. In thefollowing Sec-
tion 3.1weaddressthedualproblemof inferringtheregions
if themodelsto whicheachpixel belongsareknown. Since
neitheris known, weaddressthischicken-and-egg problem
in Sect.3.

2. Dynamic texture learning and comparison

If theregions­ i ; i = 1; : : : ; N wereknown, onewould
just be left with two problems:one is the learningof the
modelparameters,whichwereview in Sect.2.1,theotheris
thecomputationof adiscrepancy measurebetweendifferent
dynamictextures,whichwediscussin Sect.2.2.

2.1.Learning

It is well known [10] thata positive-de�nite covariance
sequencewith rationalspectrumcorrespondsto anequiva-
lenceclassof second-orderstationaryprocesses.It is then
possibleto chooseasarepresentativeof eachclassaGauss-
Markov modelwith the given covariance. In otherwords,
for a given region ­ i , we can assumethat there exist a
positive integer n, a processf x(t)g with realizationsin
Rn (the“state”)with initial conditionx(t0), somematrices
A i andCi , anda symmetricpositive semi-de�nite matrix·

Qi Si

ST
i Ri

¸
¸ 0, whereSi = E[w(t)vT (t)], suchthat

f y(t)g is the output of model (1). Sincewe assumethat
thenoiseaffectingthestatev(t) andthenoiseaffectingthe
outputw(t) areindependent,wehave thatSi = 0.

Thechoiceof matricesA i , Ci , Qi , Ri is not unique,in
thesensethattherearein�nitely many modelsthatgiverise
to exactlythesamemeasurementcovariancesequencestart-
ing from suitableinitial conditions3. In otherwords, any
given processhasnot a uniquemodel,but an equivalence
classof models. In order to identify a uniquemodel of

3SubstitutingA i with T A i T ¡ 1 , Ci with Ci T ¡ 1 , Q i with T Q i T ¡ 1 ,
andchoosingthe initial conditionT x(t 0 ), whereT 2 GL (n) is any in-
vertiblen £ n matrixgeneratesthesameoutputcovariancesequence.



the type (1) from a samplepathy(t), we choosea repre-
sentative of eachequivalenceclassassuggestedin [5], i.e.
we will make the following assumptions:m i >> n, and
rank(Ci ) = n, andchoosea modelrealizationthatmakes
the columnsof Ci orthonormal,i.e. CT

i Ci = I n . This
guaranteesthat themodelcorrespondingto a givendataset
is uniquelydetermined.Thismodelcorrespondsto acanon-
ical realization[7].

Theproblemof goingfrom datato modelscanbeformu-
latedasfollows: givenmeasurementsof a samplepathof
theprocess:y(1); : : : ; y(T); T >> n, estimateÂ i , Ĉi , Q̂i ,
acanonicalmodelrealizationof theprocessf y(t)g. Ideally,
we would want themaximumlikelihoodsolutionfrom the
�nite sample,thatis

Â i ;Ĉi ; Q̂i ; x̂ i; 0 (2)

= arg max
A i ;C i

Q i ;x i; 0

logp
¡
y(1); : : : ; y(T)jA i ; Ci ; Qi ; x i; 0

¢
:

Noticethat,aswe saidin Section1.1,we do not modelthe
covarianceof themeasurementnoiseR i , sincethatcarries
no informationon the underlyingprocess.The asymptot-
ically ef�cient solution for the estimationproblem(2), as
T ! 1 , canbe found in [23], while accuratedescription
of its implementation,namedN4SID,canbefoundin [15].
In practice,for computationalef�ciency, we settlefor the
suboptimalsolutiondescribedin [5].

2.2.Discrepancybetweendynamic textures

AssumingthattheparametersA i , Ci , Qi , x i; 0 havebeen
inferredfor eachregion, in orderto setthestagefor a seg-
mentationprocedure,onehasto de�ne a discrepancy mea-
sureamongregions. Thedif�culty in doingso is thateach
region is describednot only by the parametersabove, but
by an equivalenceclassof suchparameters,obtainedby
changesof basisof the state-spacef x(t)g in model (1).
Therefore,a suitablediscrepancy measurehasto compare
not theparametersdirectly, but their equivalenceclasses.

Onetechniquefor doing so hasbeenrecentlyproposed
in [3]. It consistsof building in�nite observability matrices,
whosecolumnsspanthevectorspacegeneratedby themea-
surementsy(t) of themodel(1),andthatrepresentthehigh-
dimensionalsubspaceof the in�nite-dimensionalspaceof
all possiblemeasurements.Thenonecancomputethegeo-
metricanglesbetweensuchsubspacesthroughtheirembed-
ding.

More formally, let A 2 Rm £ p andB 2 Rm £ q be two
matriceswith full column rank, and supposethat p ¸ q.
The q principal anglesµk 2

£
0; ¼

2

¤
betweenrange(A) and

range(B ) arerecursively de�ned for k = 1; 2; : : : q as

cosµ1 = max
x 2 Rp

y2 Rq

¯
¯xT AT B y

¯
¯

kAx k
2

kB yk
2

(3)

=

¯
¯xT

1 AT B y1
¯
¯

kAx 1k
2

kB y1k
2

;

cosµk = max
x 2 Rp

y2 Rq

¯
¯xT AT B y

¯
¯

kAx k
2

kB yk
2

=

¯
¯xT

k AT B yk
¯
¯

kAx k k
2

kB yk k
2

; for k = 2; : : : ; q

subject to xT
i AT Ax = 0 and yT

i B T B y = 0;

for i = 1; 2; : : : ; k ¡ 1 :

Now, let M 1 andM 2 betwo modelsof thetype(1),with the
sameoutputdimensionality, whicharecharacterizedin state
spacetermsby their systemmatricesA1 andA2 andoutput
matrix C1 andC2 respectively. Their in�nite observability
matricesOi , for i = 1; 2, arede�ned as

Oi
:=

£
CT

i AT
i CT

i : : : (AT
i )n CT

i : : :
¤T

2 R1£ n ;
(4)

andtheprincipalanglesbetweentherangesof O1, andO2

arereferredto assubspaceangles. Their computationcan
becarriedoutin closedform,andentailsthecomputationof
theeigenvaluesof thesolutionof a discrete-timeLyapunov
equation[3].

While more than one distancefor single-inputsingle-
output(SISO)lineardynamicalsystemshave beende�ned
basedon subspaceangles[3, 12], the extension to the
multiple-input multiple-output(MIMO) caseis not trivial
given the lack of the conceptof the inverseof a MIMO
system.However, it hasbeenshown in [18] that subspace
anglesbetweenin�nite observability matriceshave very
high discriminative power underthe hypothesisof stabil-
ity andobservability of thecomparedsystems.With this in
mind,wemeasurethediscrepancy betweendifferentspatio-
temporalstatisticsassociatedto differentmodelsby com-
paringeitherthesetof subspaceanglesor theircombination
via Martin's distance[3] de�ned as

d2
M (M 1; M 2) = ln

nY

k=1

1
cos2µk

: (5)

3. Dynamic texturesegmentation

In Sect.2.1we have seenthat,if theboundariesof each
region were known, one could easily estimatea simple
modelof the spatio-temporalstatisticswithin eachregion.
Unfortunately, in generalonedoesnotknow theboundaries,



which areinsteadpart of the inferenceprocess.If the dy-
namictextureassociatedwith eachpixel wereknown, then
onecould easilydeterminethe regionsby thresholdingor
by othergroupingor segmentationtechniques.However, a
dynamictextureassociatedwith acertainpixel », asde�ned
in equation(1), dependson thewholeregion ­ i containing
thepixel ». Therefore,wehaveaclassic“chicken-and-egg”
problem: If we knew the regions,we couldeasilyidentify
thedynamicalmodels,andif we knew thedynamicalmod-
elswe couldeasilysegmenttheregions.Unfortunately, we
know neither.

Onemaybe temptedto addressthis problemby setting
up an alternatingminimizationprocedure,startingwith an
initial guessof the regions, ­̂ i (0), estimatingthe model
parameterswithin eachregion, Â i (0); Ĉi (0); Q̂i (0)) ; x̂ i; 0,
andthenat any giventime t seekingfor regions­̂ i (t), and
parametersÂ i (t); Ĉi (t); Q̂i (t)) ; x̂ i; 0 that minimize a cho-
sencostfunctional.Unfortunately, thisapproachwouldnot
leadto a well-posedproblem,sinceonecanalwaysexplain
theimagewith a few high-ordermodelswith largesupport
regions(the entire imagein the limit), or with many low-
ordermodelswith small supportregions(individual pixels
in the limit). Therefore,a modelcomplexity costneedsto
be added,for instancethe descriptionlengthof the model
parameters[16] and the boundariesof eachregion. This
signi�cantly complicatesthealgorithmsandthederivation.

Ratherthanseekingfor anestimateof theregionsandthe
modelparametersin oneshot,we caninsteadadopta two-
stagealgorithmto circumvent themodel-complexity issue:
We �rst associatea local signature to eachpixel, by inte-
gratingvisual informationon a �x ed spatialneighborhood
of thatpixel; thenwegrouptogetherpixelswith similarsig-
naturesin a region-basedsegmentationapproach.Thesig-
naturesarecomputedfrom the subspaceanglesrelative to
a referencemodel,following theideasoutlinedin previous
sections.Wedescribethissimpleandyeteffectiveapproach
in thefollowing subsections.

3.1.A geometricapproach

We startby consideringthe neighborhoodsB (») ½ ­
aroundeachpixel » 2 ­ . We thenassociateto eachpixel
location » the dynamicsof the spatio-temporalregion by
computingO(») from A(»); C(») = N 4SI D f y( ~»; t) j ~» 2
B (»); t = 1; : : : ; Tg. For eachpixel » we generatea local
spatio-temporalsignature given by the cosinesof the sub-
spaceanglesf µj (»)g betweenO(») anda referencemodel,
O(»0):

s(») =
¡

cosµ1(»); : : : ; cosµn (»)
¢
: (6)

We call this approach“geometric”sincethesignaturesare
constructedusingsubspaceangles,ratherthanresponsesof
banksof �lter asis morecommonin statictexturesegmen-
tation.

With the above representation,the problemof dynamic
texturesegmentationcanbeformulatedasoneof grouping
regionsof similar spatio-temporalsignatures.We propose
to performthisgroupingby revertingto theMumford-Shah
functional[13]. A segmentationof the imageplane­ into
a setof pairwisedisjoint regions­ i of constantsignature
si 2 Rn is obtainedby minimizing thecostfunctional

E (¡ ; f si g) =
X

i

Z

­ i

¡
s(») ¡ si

¢2
d» + º j¡ j; (7)

simultaneouslywith respectto the region descriptorsf si g
modelingtheaveragesignatureof eachregion,andwith re-
spectto theboundary¡ separatingtheseregions(anappro-
priaterepresentationof whichwill beintroducedin thenext
section). The �rst term in the functional(7) aimsat max-
imizing the homogeneitywith respectto the signaturesin
eachregion ­ i , whereasthesecondtermaimsat minimiz-
ing thelengthj¡ j of theseparatingboundary.

3.2.A level setformulation

In thefollowing, wewill restricttheclassof possibleso-
lutionsof theproposedvariationalproblemto two-phaseso-
lutions,i.e. solutionsin which eachpixel is associatedwith
oneof two dynamictexturemodels.All resultsdo,however,
extendto thecaseof multiple phases.For theimplementa-
tion of theboundary¡ in thefunctional(7) we revert to the
implicit level set basedrepresentationproposedby Chan,
Sandberg andVese[2, 22].

Comparedto explicit contourrepresentations,the level
setbasedrepresentations[14] have several favorableprop-
erties.Firstly, they donot restrictthetopologyof theevolv-
ing boundary, therebyfacilitatingsplittingandmergingdur-
ing theevolution. And secondly, onedoesnot needto take
careof a regriddingof controlor markerpoints.

Let theboundary¡ in (7) begivenby thezerolevel set
of a functionÁ : ­ ! R:

¡ = f » 2 ­ j Á(») = 0g: (8)

With theHeavisidefunction

H (Á) =
½

1 if Á ¸ 0
0 if Á < 0

; (9)

the functional (7) can be replacedby a functional on the
level setfunctionÁ:

E(Á;f si g) =
Z

­

¡
s(») ¡ s1

¢2
H (Á) d»

+
Z

­

¡
s(») ¡ s2

¢2 ¡
1 ¡ H (Á)

¢
d»

+ º j¡ j: (10)



Figure 2. Example of a composition of dynamic
textures: �re on oceanwaves.Thetime evolution of
thesequenceis renderedby overlappinga few snap-
shotscorrespondingto differentimageframes.

3.3.Energy minimization

We minimize the functional(10) by alternatingthe two
fractionalstepsof:

² Estimatingthemeansignatures.

For �x ed Á, minimization with respectto the region
signaturess1 ands2 amountsto averagingthe signa-
turesovereachphase:

s1 =

R
sH (Á) d»

R
H (Á) d»

; s2 =

R
s(1¡ H (Á)) d»

R
(1¡ H (Á)) d»

: (11)

² Boundaryevolution.

For �x edregionsignaturesf si g, minimizationwith re-
spectto theembeddingfunctionÁ canbeimplemented
by agradientdescentgivenby:

@Á
@t

= ±(Á)
·
º r

µ
r Á
jr Áj

¶
+ (s¡ s2)2 ¡ (s¡ s1)2

¸
;

4. Experiments

The following experimentsdemonstratevariousaspects
of dynamictexture segmentation. In all caseswe usese-
quencesof naturalphenomenalike oceanwaves,smoke or
�re. Figure2 showsafew snapshotsfrom asequenceof �re
combinedwith theoceanwaves.

In Section4.1weshow experimentsonasequencewhere
two regionshavebothdifferenttextureanddifferentdynam-
ics. In Section4.2we insteadkeepthedynamicsidentical,
but we changethe texture. On thecontrary, in Section4.3
we keepthetextureidentical,but we changethedynamics.
As a lastexperiment,we testour algorithmon a very chal-
lengingsequence:wesuperimposea�ame onoceanwaves.
In this case,the region occupiedby the �ame is changing
in time, as opposedto our assumptions(seeSection1.1)
of staticregions. Thecontourevolutionsarealsoavailable
on-line[1].

4.1.Smokeon the water: : :

In this experimentwe generatea syntheticsequenceby
superimposingtwo sequences:onewith oceanwaves,and
onewith smoke. We selecta disc in themiddleof the im-
agesandoverlapthesequenceof smoke over thesequence
of thewavesonly on this disc. All thesequencesarecom-
posedof 120framesandeachframeis of 220£ 220pixels.
In thiscasebothtextureanddynamicsareverydifferent,re-
sultingin averystrongdiscriminationbetweentheregions.
We identify the local dynamicalsystemsat eachpixel by
consideringneighborhoodsof 11£ 11 pixels. Thestateof
eachlocal systemis of dimension10. Then,we compute
thesubspaceanglesbetweentheselocaldynamicalsystems
anda referencedynamicalsystem.Finally, we segmentthe
signatureswith theMumford-Shahminimizationschemeas
explainedin Sections3.1-3.3. In Figure3 we show a few
snapshotsof thecontourevolution,startingfrom acircle.

4.2.Segmentationby spatial orientation

Wegenerateasyntheticsequenceby superimposingtwo
identicalsequencesof oceanwaves,oneof which hasbeen
rotatedof 90 degrees.We selecta discanda squareat the
oppositecornersof theimagesandoverlapthesequenceof
rotatedwavesonthebasicsequenceonlywithin thediscand
thesquare.All thesequencesarecomposedof 120frames
andeachframeis of 221£ 321pixels.

Thetextureon thediscandthesquareregionsis similar
to the texture in the backgroundregion in both gray-scale
valuesanddynamics.However, it canbedistinguishedon
thebasisof thedifferentorientation.As in thepreviousex-
perimentwe identify the local dynamicalsystemsat each
pixel by consideringneighborhoodsof 11£ 11 pixels.The
stateof eachlocal systemis again of dimension10. Fig-
ure4 shows a few snapshotsof thecontourevolution,start-
ing from acircle.

4.3.Segmentationby temporal properties

This experimentis complementaryto the previous one.
To generatea sequencecontainingregionswhich only dif-
fer with respectto theirdynamics,weoverlaptheoceanse-
quencein theregionscorrespondingto thediscandsquare
over anoceansequencesloweddown by a factorof 2.

The evolution of the contourduring the cost functional
minimization is shown in Figure5, startingfrom a circle.
We foundthisexperimentto beoneof themostcompelling
ones,becausethe segmentationis obtainedexclusively on
the basisof temporalpropertiesof the dynamictexture –
this is oneof thenoveltiesof ourapproach.

4.4. : : : and �r e in the sky

The following experiment is a very challengingone,
sinceweuseaninputsequencewheretheregionsassociated



Figure 3. Smoke on the water: in this �rst experimentthe two dynamictextures(thesmoke andtheoceanwaves)
areverydifferentbothin thedynamicsandin theappearance.

Figure 4. Segmentationby changingtexture: in this experimentwe segmenttwo dynamictexturesthatdiffer only
for thetextureorientation,but thatsharethesamedynamicsandgeneralappearance(grayscalevalues).

Figure 5. Segmentationby changing dynamics: in this experimentwe segment two dynamictexturesthat are
identical in appearance,but differ in the dynamics.Note that this particularsegmentationproblemis quite dif�cult,
evenfor humanobservers.Segmentationis obtainedexclusively on thebasisof thetemporalpropertiesof thedynamic
texture.Thisdemonstratesoneof thenoveltiesof ourapproach.

Figure 6. Fir e in the sky: this segmentationproblemis very challenging,since– contraryto our modelassumption
– the regions wherethe dynamictexturesare de�ned (in particular, the �ame texture), are changingin time. The
segmentationreturnsanestimateof theaveragelocationof the�ame, showing thatourapproachis robustto deviations
from theassumptionof spatialstationarity.



with differentdynamictexturesarealsomoving in time. We
generateasyntheticsequenceby superimposingasequence
with �re to asequencewith oceanwaves.The�ame is con-
tinuouslychangingpositionin time,therebymixing in some
regionsboththe�re dynamictextureandtheoceandynamic
texture.

In Figure6 weshow afew snapshotsof thecontourevo-
lution, startingfrom a circle. Notice that the �nal contour
is thecontourof an “average”region obtainedby combin-
ing the differentregionsin time. Therefore,our approach
showsrobustnessalsoto changesin theoriginalhypotheses
thatdynamictextureswerespatiallystationary.

5. Conclusions

We have presenteda techniqueto segmentan imagese-
quenceinto regions basedon their spatio-temporalstatis-
tics. Theassumptionis thattheregionsareconstantin time
or changeslowly relative to thedynamicsof the irradiance
within eachregion, which in turn is modeledasa second-
orderstationaryprocesswith constantMarkov parameters.
Ourapproachdrawsfromtheliteratureonregion-basedseg-
mentationaswell asthatonsystemidenti�cation; however,
it is notastraightforwardconcatenationof thetwo sincethat
wouldresultin eitherhaving to comparestatespacemodels
of differentdimensions,or in un-necessaryblurring of the
regionboundaries.

As we illustratein theexperiments,our techniqueis ef-
fective in segmentingregions that differ in their dynamic
behavior even when their spatial statisticsare identical,
andit canbeusefulin outdoorautonomousnavigationand
recognitionof dynamicvisualprocesses.
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