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Abstract: This paperdescribesanoriginal statisticaltrajectory-basedapproachwhich canaddressseveral issuesrelated
to dynamicvideocontentunderstanding:unsupervisedclusteringof events,recognitionof eventscorrespond-
ing to learntclassesof dynamicvideocontents,anddetectionof unexpectedevents.Appropriatelocal differ-
entialfeaturescombiningcurvatureandmotionmagnitudearerobustlycomputedonthetrajectories.They are
invariantto imagetranslation,in-the-planerotationandscaletransformation.Thetemporalcausalityof these
featuresis thencapturedby hiddenMarkov modelswhosestatesareproperlyquantizedvalues,andsimilarity
betweentrajectoriesis expressedby exploiting theHMM framework. We reportexperimentson two setsof
data,a �rst onecomposedof typical classesof synthetic(noised)trajectories(suchasparabolaor clothoid),
and a secondone formed with trajectoriescomputedin sportsvideos. We have also favorably compared
our methodto otherones,including featurehistogramcomparison,useof the longestcommonsubsequence
(LCSS)distanceandSVM-basedclassi�cation.

1 Intr oduction
Content-basedexploitationof video footageis of

continuouslyincreasinginterestin numerousapplica-
tions,e.g.,for retrieving videosequencesin hugeTV
archives,creatingautomaticvideo summarizationof
sportsTV programs(Kokarametal.,2006),or detect-
ing speci�c actionsor activities in video-surveillance
(Boiman and Irani, 2005; Hu et al., 2007). It im-
pliesto shortenthewell-knownsemanticgapbetween
computedlow-level featuresandhigh-level concepts.
Considering2D trajectoriesis attractive since they
form computableimagefeatureswhich captureelab-
oratespatio-temporalinformationon the viewed ac-
tions. Methodsfor trackingmoving objectsin anim-
agesequencearenow availableto getreliableenough
2D trajectoriesin varioussituations.Thesetrajecto-
riesaregivenasa setof consecutive positionsin the
imageplane(x;y) over time. If they areembeddedin
anappropriatemodelingframework,high-level infor-
mationon thedynamicscenecanthenbereachable.

We aim at designinga generaltrajectoryclassi�-
cationmethod. It shouldtake into accountboth the
trajectoryshape(geometricalinformation relatedto

thetypeof motionandto variationsin themotiondi-
rection)and the speedchangeof the moving object
on its trajectory(dynamics-relatedinformation).Un-
lessrequiredby a speci�c application,it shouldnot
beaffectedby thelocationof thetrajectoryin theim-
ageplane(invarianceto translation),by its direction
in theimageplane(invarianceto rotation),by thedis-
tanceof the viewed actionto the camera(invariance
to scale).It shouldalsoberobustenough,sincelocal
differentialfeaturescomputedontheextractedtrajec-
toriesareproneto be noisecorrupted. It shouldnot
exploit stronga priori informationonthescenestruc-
ture,thecameraset-up,the3D objectmotions.

In this paperwe tackle threeimportanttasksre-
latedto dynamicvideocontentunderstandingwithin
the sametrajectory-basedframework. The �rst one
is clusteringtrajectoriesextractedfrom videos. An
unsupervisedsolutionis developed.Thesecondcon-
sideredproblemis recognizing(or retrieving) events
in videos. Semanticclassesof dynamicvideo con-
tentsare�rst learntfrom a setof representative train-
ing trajectories.Thethird taskis detectingunexpected
eventsby comparingthetesttrajectoryto representa-



tive trajectoriesof known classesof events.
The remainderof the paperis organizedas fol-

lows. In Section 2, we outline related work on
trajectory-basedvideocontentanalysis.In Section3,
we introducethe local differential featuresconsid-
eredto represent2D trajectories.We show that they
areinvariantto 2D translation,2D rotationandscale
transformation,andwe alsodescribetheir computa-
tion. Section4 presentsour HMM-basedframework
to modeltrajectories.It canbeviewedasa(statistical)
quantizationof thelocal featureswhile accountingfor
their temporalevolution. WealsodescribetheHMM-
basedsimilarity measureusedto compareor to clas-
sify trajectories.Section5 dealswith thedetectionof
unexpectedevents.Section6 introducesotherclassi-
�cation methodswhichwill intervenein thecompara-
tive experimentalevaluationof theproposedmethod.
In Section7, we presentthe two datasetsusedto
testandcomparethemethods.The �rst oneis com-
posedof typical classesof synthetic(noised)trajec-
tories(suchasparabolaor clothoid),andthesecond
one includestrajectoriescomputedin sportsvideos.
Resultsarethenreportedanddiscussed.Concluding
remarksaregivenin Section8.

2 Relatedwork
Trajectoryanalysiscan help recognizingevents,

actions,or interactionsbetweenpeopleandobjects.
First methodsconsideredpoint coordinatesand lo-
calorientationsonimagetrajectoriesasinputfeatures
(Bashiret al., 2007;Buzanet al., 2004;Chanet al.,
2004; Porikli, 2004). Using thesefeaturesleadsto
expressstrict spatialsimilarity betweentrajectories.
Othermethodsusevelocitiesasfeaturesto compare
2D trajectories(Hongenget al., 2003; Wang et al.,
2006),but visualvelocitystill dependsonthedistance
of theviewedactionto thecamera.

Different methodshave beendevelopedto com-
pareand cluster trajectoriesin order to analyzethe
contentof video sequences.In (Buzanet al., 2004),
authors resorted to the Longest Common Subse-
quence(LCSS) distance(Vlachos et al., 2002), to
classify trajectoriescomputedin an imagesequence
acquired by a single stationary camerafor video
surveillance. It is basedon a hierarchicalunsuper-
vised clusteringof trajectorieswheretrajectoryfea-
turesarevectorsof 2D coordinatesof the trajectory
points.Wangetal. introducedanovel similarity mea-
surebasedon a modi�ed Hausdorff distanceand a
comparisoncon�dencemeasure(Wanget al., 2006).
They comparethedistributionsof thespatialcoordi-
natesof the trajectorypoints,andalsouseotherat-
tributes,suchasvelocityandobjectsize.In (Bashiret
al., 2007)waspresenteda trajectory-basedreal-time
indexing method,usingPCA andspectralclustering.

A systemthat learnspatternsof activity from trajec-
tories,andhierarchicallyclassi�essequencesusinga
codebookwas developedin (Stauffer and Grimson,
2000).Otherworks(Li etal.,2006)consideredstatis-
tical distributionsof trajectoryorientationsexploited
in a clusteringalgorithm. Recentwork hasexplored
modelingframeworkssuchasDPN (DynamicProba-
bilistic Network) andHMM (HiddenMarkov Model)
to expressthe temporalinformation (causality)em-
beddedin video trajectoriesandthe semanticmean-
ing that they convey. In (Hongenget al., 2003)was
describeda complex eventrecognitionmethodbased
on thede�nition of scenariosandon theuseof Semi-
Markov Chain(SMC).Chanetal. proposedamethod
for detectingrareeventsby representingmotionsand
space-timerelationsbetweenobjectsusing HMMs
(Chanet al., 2004). A recognitionmethodfor group
activities wasde�ned in (GongandXiang, 2003)re-
lying on DPN to modelanddetectactionsinvolving
multiple objects. DPN are speciallyusedto model
the temporal relationshipsamong different tempo-
ral eventsin the scene. Porikli de�ned distancesto
handletrajectories,especiallyHMM-baseddistances
(Porikli, 2004).ThemethodsbasedonHMMs, SMCs
or DPNs developedso far are unableto treat short
trajectories(seesubsection4.1). Let us also stress
that all the aforementionedmethodsexploit features
invariantto translationor scaletransformationonly.

Theapproachwe have designedis differentfrom
thoseproposedso far in severalpoints. First, we in-
troducelocaldifferentialtrajectoryfeatureswhichare
able to jointly captureinformationon the trajectory
shapeandon the objectspeed.Besides,they arein-
variant to translation,rotationandscaletransforma-
tions. We have alsodevelopeda procedureto com-
putethemwhich is ef�cient androbustto noise.Sec-
ond,temporalevolutionof thesefeaturesoverthetra-
jectorycurve is explicitly accountedfor by consider-
ing an original andeffective HMM scheme.Indeed,
theHMMs statesaregivenby properlyquantizingthe
real featurevalues.Our HMM methodis alsoableto
processtrajectoriesof any sizes(especiallysmall tra-
jectories). Moreover, we have adopteda HMM dis-
tancewhich canbeexploitedboth for clusteringand
recognizingdynamicvideocontentsandfor detecting
unexpectedevents.All theseelementsmaketheover-
all framework wehavede�ned generaland�e xible.

3 Invariant local trajectory features
A featurethatrepresentsbothtrajectoryshapeand

object acceleration(more speci�cally, we meanve-
locity magnitudechange)is requiredto capturethe
full intrinsic propertiesof a video trajectory. As
stressedin theintroduction,it shouldalsobeinvariant



to 2D translation,2D rotationandscaletransforma-
tion, whichwill behelpful in mostvideoapplications.

3.1 Trajectory kernel smoothing
A trajectory Tk is de�ned by a set of nk points
f (x1;y1); ::; (xnk;ynk)g correspondingto the succes-
sive imagepositionsof the tracked objectin the im-
agesequence(video shot). The term “object” must
be understoodin a broadsense,i.e., interestpoint,
gravity centerof a segmentedregion, window cen-
ter,. . .To reliably computethe local differential tra-
jectoryfeatures,we needa continuousrepresentation
of thecurveformedby thetrajectory. To this end,we
performa kernelapproximationof Tk de�ned by
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å
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h )2
x j

å
nk
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where (xt ;yt ) designatesthe coordinatesof the
trackedobjectat t and(ut ;vt ) its smoothedrepresen-
tation. h is a smoothingparameterto be setaccord-
ing to theobservednoisemagnitude.Explicit expres-
sionscan then be derived for the �rst- and second-
ordertemporalderivativesof thetrajectorypositions:
respectively, �ut , �vt , üt andv̈t .

3.2 Derivation of the trajectory features
Let us�rst considerthelocal orientationof thecurve
givenby gt = arctan( �vt

�ut
). By construction,it is invari-

antto 2D translationandscaletransformation.To add
invarianceto 2D rotation,let usnow take thetempo-
ral derivativeof gt , �gt , andlet usanalyzethisquantity.
We have d(tangt )

dt = 1
cos2 gt

�gt . On theotherhand:
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is the local curvatureof the tra-
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2 thelocalvelocitymag-

nitude at point (ut ;vt). The numeratorof �gt is the

determinantof matrix
�
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andthe denomi-

nator �u2
t + �v2

t = kwtk2 is thesquaredvelocity magni-
tude.Then,�gt is alsorotationinvariant.We havealso
demonstratedthatthislocalfeaturewell capturesboth
thetrajectoryshapeandtheobjectspeedsinceit is the
productof the local curvatureand the instantaneous
velocitymagnitude.

4 Trajectory modelingand similarity

4.1 Designof the hidden Mark ov model
We resortto ahiddenMarkov model(HMM) to build
the statisticalframework we needsinceHMM natu-
rally expressestemporalcausality. Thefeaturevector
representingatrajectoryTk extractedin avideoshotis
thevectorcontainingthenk successivevaluesof �g(t):
Vk = (�g1; �g2; :::; �gnk� 1; �gnk).

We alsoexploit theHMM framework in a some-
what original way sincethe HMMs statesaregiven
by properly quantizedvaluesof �g(t). To determine
the HMMs statevalues,we �rst study the distribu-
tion of �g(t) on representative trajectories.We de�ne
aninterval [� S;S] containingagivenpercentagePv of
computed�gvaluesin orderto discard“outliers” andto
control thenumberN of statevalues.Hence,a quan-
tizationis performedon[� S;S] into a�x ednumberN
of bins (whatever the valueof S, in order to be able
to comparetrajectoriesusingthe estimatedHMMs).
This is illustratedin Fig.1 wheresynthetictrajecto-
riesof six differentclassesaredrawn andtheir corre-
spondinghistogramsareplottedrestrictedto [� S;S].
In contrast,in the HMM framework introducedin
(Porikli, 2004)to modeltrajectoriesandtheir tempo-
ral evolution, thenumberof statesremaindif�cult to
set(it reliesona validity scorethatrequiresabalanc-
ing factorto be �x ed),andthe trajectorysizeshould
be much larger than the numberof Gaussianmix-
ture components(usedfor the conditionalobserva-
tion distribution) timesthenumberof states,whereas
our methodis developedto handletrajectoriesof any
sizes.

TheHMM which modelsthetrajectoryTk is now
characterizedby:

- thestatetransitionmatrix A = f ai jg with

ai j = P[ qt+ 1 = Sj j qt = Si ]; 1 � i; j � N;

whereqt is thestatevariableat instantt andSi is its
value(i.e., theith bin of thequantizedhistogram);

- the initial statedistribution p = f pig, with pi =
P[ q1 = Si ]; 1 � i � N;

- the conditional observation probabilities B =
f bi( �gt )g, wherebi( �gt ) = P[�gt j qt = Si ], sincethecom-
puted�gt aretheobservedvalues.

Theconditionalobservationprobabilityis de�ned
as a Gaussiandistribution of meanµi (i.e., the me-
dianvalueof thehistogrambin Si). Its standarddevi-
ations doesnot dependon thestateandis speci�ed
so that the interval [µi � s ;µi + s] correspondsto the
bin width. This conditionalobservation model can
reasonablyaccountfor measurementuncertainty. It
alsopreventsfrom having zerovalueswhenestimat-
ing matrix A in thetrainingstageby lackof measures
(especiallyin caseof short trajectories).Otherwise,



Figure1: Six samplesof synthetictrajectories(a sinusoid,anellipse,a parabola,a spiral,a clothoidanda cycloid) andtheir
associatednormalizedhistogramsplottedin [� S;S], with h = 3, Pv = 90%,andN = 21 (seetext).

in�nite distanceswouldbefoundbetweentrajectories
(somecoef�cients of matrixA wouldbezerovalues).

To estimateA andp, we have adaptedthe least-
squarestechniqueproposedin (Ford and Moore,
1998)wheretheHMM is assimilatedto a countpro-
cess.If H (i)

t = P(�gt jqt = i) (correspondingto aweight
for thecountprocess),empiricalestimatesof A andp,
for a trajectoryk of sizenk aregivenby

ai j =
å

nk� 1
t= 1 H(i)

t H( j)
t+ 1

å
nk� 1
t= 1 H(i)

t

and pi =
å

nk
t= 1H i

t

nk
: (3)

As illustration,we show an exampleof a real trajec-
tory in Fig. 2, its smoothedcounterpart,theestimated
valuesof A andp coef�cients for its associatedHMM.

4.2 Similarity measure

To comparetwo trajectories,wehave to de�ne asim-
ilarity measure. To this end, we exploit the HMM
framework we have built. We adoptthedistancebe-
tweenHMMs proposedin (Rabiner, 1989). It can
alsobeusedto classifythe trajectoriessinceit is de-
�ned at thetrajectorymodellevel. Giventwo HMMs
representedby their parametersetsl 1 and l 2 (l i =
(Ai ;Bi ;pi); i = 1;2), thedistanceD is de�ned by

D(l 1; l 2) =
1
T

[log P(O(2) jl 2) � log P(O(2) jl 1)]

(4)
whereO( j) = f �g1; �g2; :::; �gn j g is thesequenceof mea-
suresusedto train the model l j and P(O( j) jl i) ex-
pressestheprobabilityof observingO( j) with model
l i (computedwith theViterbi algorithm).To beused
asa similarity measure,a symmetrizedversionis re-
quired:

Ds(l 1; l 2) =
1
2

[D(l 1; l 2) + D(l 2; l 1)]: (5)

Figure2: Upperpart: Plotsof a real trajectory(extracted
from a FormulaOneracevideo shot), its smoothedcoun-
terpart obtainedwith h = 8. Colors of the curve points
standfor the different statevaluesand correspondto the
histogrambin colors. Middle part: histogramof the state
values(with N = 5). Lower part: estimatedtransitionma-
trix A andinitial statedistributionp.

5 Videounderstanding tasks

5.1 Unsupervisedclustering of
trajectories

We �rst describehow we addressthe unsupervised
clusteringtask. Given a setof video shots(obtained
by an automatictemporalvideo segmentationtech-



nique),we try to clusterthe extractedtrajectoriesin
a sensibleway to comeout with relevant classesof
dynamicvideo content. We �rst representeachtra-
jectoryby aHMM whoseparametersareestimatedas
explainedin Section4. We thenperforma classical
binaryascendanthierarchicalclassi�cationusingthe
trajectorysimilarity measureintroducedin theprevi-
oussection.Thedistancebetweentwo groupsof tra-
jectoriesGi andG j is de�ned usingan averagelink
method,e.g,calculatingthemeanof thedistancebe-
tweenall pairsof trajectories:

Daverage l ink(Gi ;G j ) =
å Tk2Gi ;Tl 2Gj Ds(Tk;Tl )

#Gi#G j
: (6)

Whenachieving a binaryascendanthierarchicalclas-
si�cation, thesystemneedsto know whento stopthe
merging iterations.If theprocessis stoppedtoo late,
trajectorieswill begroupedin too few heterogeneous
classes.Otherwise,if the processis terminatedtoo
early, classeswill betoo fragmented,andthey would
not correspondto relevantsemanticclasses.Two al-
ternativeshave beentested.We stopmerging groups
whena prede�nednumberC of classeshasbeencre-
ated,which meansthat theuserhassomeknowledge
onthediversityof thedynamicvideocontents.A sec-
ondprocedureis to �x a thresholdt , andmerging is
continueduntil thecurrentminimuminter-classesdis-
tancepassesthethresholdt .

5.2 Recognitionof learnt classesof
dynamic videocontent

Let usconsidertheproblemof recognizingevents,or
equivalently, of retrieving instancesof known classes
of eventsin videos. It can be achieved in a super-
visedway (classesarelearntfrom trainingexamples)
or in an unsupervisedway usingtheclusteringstage
describedabove. Each class is modeledby a set
of HMMs correspondingto representativetrajectories
(thoseusedin thetrainingstep,or thosebelongingto
thecorrespondingclustersuppliedby theinitial clus-
teringstepappliedon a subsetof thevideosequence
base)whichwewill call theinitial membersin these-
quel. Recognitionis thenperformedby assigningthe
processedtrajectoryto the nearestclass. As afore-
mentioned,thedistanceto aclassis de�ned usingthe
averagelink method(seesubsection5.1).

5.3 Detectionof unexpectedevents
Detectingunexpected(or equivalently, rareor abnor-
mal) eventsis of interestin many applications. We
tackle this issuewith the sameHMM-basedframe-
work. First,weconsiderasetof prede�ned(or learnt)
classesrepresentedagainby theestimatedHMMs of
theinitial classmembers.We computefor eachclass
Ci its centroidGi in the l -parameterspacefrom the
estimatedparametersl l i of the HMMs of the initial

membersTl i of classCi . Thenwe evaluatethe dis-
tancesof all the initial classmembersTl i to the cen-
troid Gi usingrelation(5), andwedenoteRi themaxi-
mumdistancevalue.Let s i designatethestandardde-
viation of thesedistancevalues.We decidethata test
trajectoryTk correspondsto an unexpectedevent if,
for everyclassCi , Daverage l ink(Tk;Ci) > Ri + s i, where

Daverage l ink(Tk;Ci) =
å Tl 2Ci Ds(Tk;Tl )

#Ci
:

6 Other methodsfor comparison
purpose

6.1 Bhattacharyya distancebetween
histograms

To assessthe importanceof introducing temporal
causality, i.e., transitionsbetweenstates,we have im-
plementeda Bhattacharyyadistance-basedclassi�ca-
tion method.TheBhattacharyyadistanceDb between
two (normalized)histogramshi andh j of features�gt ,
respectively correspondingto two trajectoriesTi and
Tj , is de�ned by

Db(hi ;h j ) =

vu
u
u
t 1�

vu
u
t

N

å
q= 1

hi
qh j

q (7)

wherehi
q is the histogramvalueof bin q for trajec-

tory Ti . Similarly to theHMM-basedmethod,we as-
sign thetesttrajectoryTk to thenearestclassandthe
distanceto a classis de�ned using an averagelink
method(seesubsection5.1).

6.2 SVM classi�cation method
An ef�cient tool to performsupervisedclassi�cation
of patternsis the SVM method(Burges,1998). As
input for the SVM method,we take the HMM pa-
rameterscorrespondingto the trajectories. A SVM
methodneedspatternsto be representedby vectors.
Hence,for eachtrajectoryTk, a vectorXk containing
the HMM parametersl k of the trajectoryis created.
Let usgive anexamplewith only N = 3 statevalues.
We have

Ak =

0

@
a11 a12 a13
a21 a22 a23
a31 a32 a33

1

A ; pk = [a1 a2 a3];

andXk = [a11 a12 a13 a21 a22 a23 a31 a32 a33 a1 a2 a3]
is the vector representingthe trajectoryTk. A SVM
classi�cationtechniquewith a GaussianRBF (radial
basisfunction) kernel is used. The reportedresults
areobtainedusingthe“one againstall” classi�cation
scheme.

7 Experiments
7.1 Synthetic trajectories
First,asetof typicaltrajectorieshasbeengeneratedto
settleexperimentswith groundtruthandeasilyspeci-
�able data. More speci�cally, 8 classes(sinusoid,



parabola,hyperbola,ellipse,cycloid, spiral, straight
line, and clothoid) have beenconsideredand 8 dif-
ferent trajectories(of differentsizes,including short
trajectories)have beensimulatedfor eachclass,with
differentparametrizationsof thecurves,andfor sev-
eral geometrictransformations(rotation,scaling),as
illustratedin Fig.1. Noisedversionshave beengen-
eratedwith differentnoiselevels. Thus,we caneval-
uatethe performanceof the methodswith respectto
trajectoryshapeandlengthvariationswithin a class,
invarianceto transformationsandrobustnessto noise.

7.2 Video trajectories
Realtrajectorieshave beenextractedfrom a Formula
One raceTV programand from Alpine skiing TV
programs,both�lmed with severalcameras.Thetra-
jectoriesarecomputedwith the trackingmethodde-
scribedin (Perezet al., 2002). The backgroundmo-
tion due to camerapanning,tilting and zooming is
canceled.Trajectoryshapessuppliedby this method
are thusnearlysimilar to the real 3D trajectoriesof
Formula One cars(up to an homography, sincethe
3D motionis almostplanar)andof skiers.Examples
areplottedonFig.3.

Figure3: Imagesfrom videoshotsacquiredby two differ-
entcamerasat two differentplaceson thecircuit. Thecom-
putedtrajectoriesareoverprintedon theimages.

Figure 4: Plots of the 6 classesof dynamiccontent(tra-
jectories)for a Formula1 racevideo, eachbox containsa
differentclass. A classof trajectoriesis composedof tra-
jectoriesextractedfrom shotsacquiredby thesamecamera.
Thedifferentclassescorrespondto differentcamerasplaced
throughoutthecircuit at differentstrategic turns.

7.3 Resultson unsupervisedclustering
We have applied the proposedunsupervisedtrajec-
tory clusteringschemebasedon thedistancebetween

HMMs to trajectoriesextractedfrom a FormulaOne
raceTV program(Fig.3). In that real example,the
differentclassescorrespondto views suppliedby six
differentcamerasplacedthroughoutthecircuit atdif-
ferentstrategic turns.Indeed,agiventypeof dynamic
contentis attachedto a givenview, andit canthenbe
characterizedby a speci�c trajectoryshapeand car
speedwhichessentiallydependontheturncon�gura-
tion at the consideredlocation of the circuit, what-
ever the passingcar. Hence,groundtruth is avail-
able while a real video (TV program)is processed.
The clusteringrelying on the ascendanthierarchical
binaryclassi�cation(AHBC) techniquesuppliesvery
goodresultswith thetwo stoppingcriteriaaforemen-
tioned. Due to pagelimitation, we will only report
resultsobtainedwith the �rst stoppingcriteria. Ta-
ble 1 containsresultsobtainedwith our HMM-based
methodandwith thesameAHBC techniquebut using
theBhattacharyyadistanceandtheLCSSdistancein-
stead. Two caseswereconsidered:4 and6 classes,
the four �rst onesbeing nestedsubsetsof the last
six ones.Our methodoutperformstheBhattacharyya
distancebasedmethod(with approximatelythesame
computationtime), and the LCSS methodwhile re-
quiring a muchlower computationtime (at least� ve
time faster). This experimentalsodemonstratesthat
ourunsupervisedclassi�cationmethodis ableto form
meaningfulclusterssincethe later arevery closeto
thegroundtruth groupspresentedin Fig.4.

Percentageof correctclustering
4 classes 6 classes

HMM 100 92.2
Bhattacharyya 58.4 53.9

LCSS 84.4 72.3
Table1: Resultsof unsupervisedclassi�cationby anascen-
dant hierarchicalbinary classi�cation (AHBC) technique,
using the proposedHMM-baseddistance,the LCSS dis-
tanceandtheBhattacharyyadistancefor FormulaOnecars
trajectories.Two caseswereconsidered:4 and6 classes,
the four �rst onesbeingnestedsubsetsof the lastsix ones
(preciselythefour classesontheleft onFig.4).Percentages
correspondto ratesof goodclassi�cation for the extracted
classes(the groundtruth beingknown). As stoppingcri-
terion, the numberof classesto createis provided to the
AHBC technique.

7.4 Resultson supervisedrecognition
We are now reporting results regarding the recog-
nition task. We have comparedour HMM-based
method with the SVM classi�cation method de-
scribedin subsection6.2 andthe histogramcompar-
ison techniquebasedon the Bhattacharyyadistance
outlined in subsection6.1. To evaluatethe perfor-
mances,wehaveadoptedtheleave-one-outcrossval-
idation.Table2 containsbestclassi�cationresultsfor
therealsetsof videotrajectories(4 and6 classespre-



sentedin Fig.4). Table3 shows the performanceof
our HMM methodfor differentlevelsof noiseon the
synthetictrajectoriesusingdifferentvaluesof h.

Testsperformedon the setsof synthetictrajecto-
riesgaveverypromisingresults,henceaperfectclas-
si�cation wasperformedfor mostparametercon�g-
urations(i.e., for N, h and Pv) with the SVM and
HMM methods,where the techniquebasedon the
Bhattacharyyadistancefail to ef�ciently classifysyn-
thetic trajectories(highlightingtheimportanceof the
temporalcausalitiesmodeledwith HMM). Thetech-
nique basedon the LongestCommonSubsequence
distance(LCSS) (Buzanet al., 2004)gave good re-
sultsbut not perfect,andwith a highercomputation
time (more than � ve times longer than with HMM
basedmethod).Recognitionresultswith noiseddata
(Table3) shows that the parameterh helpshandling
ef�ciently noiseddata,by smoothingthetrajectories.

For theevaluationonrealvideos(Fig.4),thesame
type of resultshave beenobtained,very satisfying
classi�cation results for most parametercon�gura-
tionswith theSVM andHMM methods,andlessac-
curateclassi�cation resultswith the techniquesus-
ing the Bhattacharyyadistanceand the LCSS dis-
tance(Table2). Besides,our HMM methodis much
more�e xible thantheSVM classi�cationstage(e.g.,
addinga new classonly requiresto learntheparame-
tersof thatclass).

Percentageof correctclassi�cation
4 classes 6 classes

HMM 100 99.0
SVM 100 96.1

Bhattacharyya 100 93.1
LCSS 97.1 91.2

Table2: Comparisonof thebestrecognitionpercentagesfor
the trajectoriesextractedfrom real video, usingthe leave-
one-outcrossvalidationtechnique.

Table3: Classi�cationresultsfor thesynthetictrajectories,
with a HMM-basedmethod,usingthe leave-one-outcross
validation technique,for differentvaluesof h ands (s is
thestandarddeviation of theaddednoise).

7.5 Resultson the detectionof
unexpectedevents

We have conductedexperiments on several real
videosfor the detectionof different typesof unex-
pectedevents. For the FormulaOneracevideo, we
wereableto detectincidentssuchascarsdriving off
the track (revealedby an abnormaltrajectoryshape)
or interventionof the safetycar (revealedby a quite

differentspeedwhile the global trajectoryshapere-
mainsunchanged).For the skiing competition,the
objective was to detect falls of skiers. Fig.5 and
Fig.6 respectively show threeFormulaOnevideose-
quencesandtwo Alpine skiing racevideosequences.
Fig.6 also presentstrajectoriescorrespondingto a
class(printedin blue) andto two unexpectedevents
(printedin magentaandblue). In eachcase,the �rst
onebelongsto a regular event classwhile the other
onesareexamplesof unexpectedevents.Thecriterion
describedin subsection5.3 allowed us to correctly
detecttheunexpectedeventsin all theprocessedex-
amples. In Table 5 we supply the maximumintra-
classdistanceRi andthedistancebetweenthetrajec-
tory detectedasunexpectedeventandthesix consid-
eredclassesCi (presentedin Fig.4),for severalcases.
Table4 presentsresultscorrespondingto skierstra-
jectories,showing the differencebetweenthe max-
imum intra-classdistanceand the distancebetween
unexpectedeventsand this regular class. Thesere-
sults show that our HMM-basedframework can be
straightforwardly and successfullyexploited for de-
tectingunexpectedeventsin videos.

Figure5: Imagesfrom FormulaOneracevideo shotsac-
quiredby the samecamera. Top row: imagesdisplaying
instancesof a regularclass.Bottomrows: exampleof un-
expectedevents(safetycar, cardriving off the track). The
trajectoriesareoverprintedon theimages.

Figure 6: Imagesfrom Alpine skiing competitionvideo
shotsacquiredby the samecamera.Trajectoriesareover-
printedon the images.Top row: exampleof regularclass.
Bottomrow: exampleof unexpectedevent(fall of a skier).



Class1 Class2 Class3 Class4 Class5 Class6 status
Ri + s i 0.0753 0.1310 0.1180 0.0632 0.0225 0.0330

Accident1 0.2084 0.1427 0.1713 0.1306 0.0296 0.1992 detected
Veeringoff thetrack 0.1603 0.1991 0.3017 0.2068 0.0484 0.1556 detected

Safetycar 0.2958 0.5200 0.6425 0.3088 0.2595 0.2788 detected
Accident2 0.2474 0.3978 0.5141 0.2068 0.0716 0.2127 detected

Table5: Detectionthresholdsaresuppliedin thesecondrow for the(learnt)classesCi usedin thedetectiontaskof unexpected
events. The following rows containthe distancesbetweenthe unexpectedeventstrajectoriesandthe regular classes.The
events 'Accident 1', 'Veeringoff the track' and 'Safety car' were shot by the cameracorrespondingto class1, whereas
'Accident 2' correspondsto class2. Lastcolumnshows thedetectionstatus.

Class1 Status
R1 + s1 0.1434
Accident 0.4412 detected

Skierveeringoff thepist 0.3307 detected
Table4: Detectionthresholdis suppliedin thesecondrow
for the classof ski trajectoriesusedin the detectiontask
of unexpectedevents. The following rows containthedis-
tancesbetweenthe unexpectedeventstrajectoriesand the
regularclass.Lastcolumnshows thedetectionstatus.

8 Conclusion
We have proposed a trajectory-basedHMM

framework for videocontentunderstanding.We have
shown that it is generaland�e xible enoughto solve
threetasks:unsupervisedclusteringof events,recog-
nition of eventscorrespondingto learntclassesof dy-
namic video contents,and detectionof unexpected
events. We have introducedappropriatelocal tra-
jectory featuresinvariant to translation,rotationand
scaletransformations,and we can reliably compute
themin presenceof noise.We haveconductedanim-
portantsetof comparative experimentsboth on syn-
theticexamplesandrealvideos(sportsTV programs)
with classi�cationgroundtruth. We have shown that
our methodsuppliesaccurateresultsandoffers bet-
ter performanceandusability thanotherapproaches
suchasSVM classi�cation,histogramcomparisonor
LCSSdistance.Extensionsof this work will investi-
gatethe hierarchicalmodelingof space-timegroups
of trajectoriesin associationor in interactionto repre-
sentactivities in videos.
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