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A statisticalvideo contentrecognitionmethodusing
Invariantfeatureson objecttrajectories

A. Hervieu, P. Bouthemy and J.-P Le Cadre

Abstract—This work is dedicated to a statistical trajectory-
basedapproach addressingtwo issuesrelated to dynamic video
content understanding: recognition of events and detection
of unexpected events. Appropriate local differential features
combining curvature and motion magnitude are de ned and
robustly computed on the motion trajectories in the image
sequence.Thesefeatures are invariant to image translation, in-
the-plane rotation and spatial scaling The temporal causality
of the features is then captured by Hidden Mark ov Models
dedicated to trajectory description, whose states are properly
guantized values.The similarity betweentrajectories is expressed
by exploiting this quantization-based HMM framework. More-
over statistical techniques have been developed for parameter
estimations. Evaluations of the method have been conducted
on several data setsincluding real trajectories obtained from
sport videos, especiallyFormula One and ski TV program. The
novel method compares favorably with other methodsincluding
feature histogram comparisons, HMM/GMM modeling and SVM
classi cation.

Index Terms—Pattern classi cation, Video signal processing,
Hidden Mark ov models, Motion analysis.

I. INTRODUCTION

This work is motivated by the problem of video motion
class detection in order to understandobject behaiors.
The underlying issue is the content-basedexploitation of
video footagewhich is of continuouslyincreasinginterestin
numerousapplications,e.g., for retrieving video sequences
in large TV archves [12] [42], creating automatic video
summarizationof sport TV programs [32], or detecting
specic actions or actvities in video-suneillance [6]
[26]. It implies to shorten the well-known semantic gap
betweencomputedow-level featuresand high-level concepts.
Considering 2D trajectoriesis attractve since they form
computableimage featureswhich captureelaboratedspatio-
temporal information on the viewed actions. Methods for
tracking moving objects in an image sequenceare now
available to get reliable enough 2D trajectoriesin various
situations.Thesetrajectoriesare given asa setof consecutie
positions in the image plane (x;y) over time. If they
are embeddedn an appropriatemodeling framework, high-
level informationon the dynamicscenecanthenbereachable.

The developed method aims at designing a general
trajectory classi cation methodtaking into accountboth the
trajectory shape(geometricalinformation relatedto the type
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of motion and to variationsin the motion direction) and
the speedchangesof the moving object on its trajectory
(dynamics-relatednformation). Unlessrequiredby a speci ¢
application,the processshouldnot be affectedby the location
of the trajectoryin theimageplane(invarianceto translation),
by its direction in the image plane (invarianceto rotation)
and by the distanceof the viewed action to the camera
(invarianceto scale). A robust enough framework is also
desired since local differential features computed on the
extracted trajectoriesare prone to be noise corrupted. The
methodshouldnot exploit stronga priori information on the
scenestructure the cameraset-up,the 3D objectmotions.

This papertacklestwo importanttasksrelatedto dynamic
video contentunderstandingvithin a uniquetrajectory-based
framavork. The rst consideredproblemis recognizing(or
retrieving) events in videos. Semantic classesof dynamic
video contents are learned from a set of representatie
training trajectoriesand candidatetrajectoriesare assigned
to the most relevant (nearest)class. The secondtask is
detectingunexpectedeventsby comparingthe testtrajectories
to representatie trajectoriesof known classesf events.

The remainderof the paperis organizedas follows. In
Section 2, related works on trajectory-basedvideo content
analysis are outlined. In Section 3, the consideredlocal
differential featuresto represent2D trajectoriesare intro-
duced.lt is shavn that they are invariantto 2D translation,
2D rotation and scaletransformation,and their computation
is also described.Section 4 presentsthe developed HMM-
basedframework to modeltrajectoriesIt canbe viewed asa
(statistical)quantizatiorof the local featureswhile accounting
for their temporalevolution. A way to selectthe numberof
stateswhen consideringthis quantizationframework is also
proposedaswell asthe HMM-basedsimilarity measureused
to compareor to classify trajectories.Section5 deals with
the video understandingasks: event retrieval and detection
of unexpectedevents.Section6 introducesotherclassi cation
methodswhich will intervenein the comparatie experimental
evaluationof the proposednethod.In Section7, the two data
sets(composedf trajectoriescomputedn sportvideos)used
to test and comparethe methodsare presented Resultsare
reportedand discussedConcludingremarksare then given.

Il. RELATED WORK

Trajectoryanalysiscan help recognizingevents,actions,or
interactiondbetweerpeopleandobjects.Severalmethodshave
beendevelopedto compareandclassifytrajectoriesn orderto
analyzethe contentof video sequenceslwo stepsare needed
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to considerand comparetrajectories First, an ef cient repre-
sentationableto characterizdrajectorypropertiesjs needed.
In the videocontext, for generause,somerelevantinvariances
have to be considered.Then, for comparisonpurpose,these
informationsshallbe modeledprecisely keepingtheimportant
spatio-temporasemanticf the trajectorieslin this section,a
brief overview of thesetwo aspectof the trajectoryanalysis
is presented.

A. Trajectoryfeatur representation

Variousmethodsconsiderdifferentfeaturegand mixture of
feature)to processvideo trajectories,some rst considering
point coordinateqd36] [35] [4] [16] [9] [1] [2] [41] [37] and
local orientations[43] [33] on image trajectoriesas input
features.Using thesefeaturesleadsto expressstrict spatial
similarity betweertrajectories Othertechniquesisevelocities
[43] [48] and curvatures[30] [34] as featuresto compare
2D trajectories but visual velocity and curvaturestill depend
on the distanceof the viewed action to the camera.ln [13],
Fashandiet al. considera rotation invariant representation
usingrelative sequencesf angles.In combinationwith some
featuresde ned above, somerecentrelevant works deal with
the color density (RGB information) [25] [26] and the sizes
of the tracked objects[28] [27].

All the aforementionedmethodsexploit featuresthat are
not at the sametime invariant to translation, rotation and
scale transformation.A work by Bashir et al. [3] de ned
a featurerepresentationnvariant to translationand rotation,
where scaling effects can be handled by resamplingthe
trajectory datato a commonsamplesize. In this paper the
rough video trajectoryinformationis consideredoby de ning
a relevant feature, keeping the motion and shape aspects
while standingdirectly invariant to relevant transformations
(including rotation, translationand scaling).

B. Trajectory modeling

In the pastfew years,several modelingsdealingwith the
spatio-temporalsimilarities between consideredtrajectories
have been proposed.Johnsonand Hogg [29] describeda
method representingthe trajectory distributions, using ow
vectorsto train somecompetitve neural networks. Buzan et
al. [8] resortedto the LongestCommonSubsequencfé.CSS)
distance[47] to classify trajectoriescomputedin an image
sequenceacquiredby a single stationary camerafor video
suneillance. This methodis basedon a hierarchicalunsu-
pervised clustering of trajectorieswhere trajectory features
are vectorsof 2D coordinatesof the trajectory points. Wang
et al. [48] introduceda novel similarity measurebasedon
a modi ed Hausdorf distanceand a comparisoncon dence
measureBashir et al. presenteda trajectory-basedeal-time
indexing method[4] segmentingthetrajectoriesn subtrajecto-
riesusingcurvatureinformations,andapplyingPCA (principal
componentsanalysis)and spectralclustering.A systemthat
learnspatternsof actiity from trajectoriesand hierarchically
classi es sequencesusing a codebookwas developed by
Staufer and Grimson[46]. Remagnincet al. [45] proposedan
agentarchitecturefor multi-camerabehaior classi cationin
visual surweillance.Somelastwork usedautomaticallyde ned
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grammarrulesto model the basicmotion patternsof moving
objects,using a minimum descriptionlength principle [50].

Recentworks mainly explored modeling frameaworks such
as PN (ProbabilisticNetwork) [38] [31] [24] [36] [17] [11],
HMM (Hidden Markov Model) [34] [5] [10] [39] or SMC
(Semi-Marlov Chain)[23] to efciently expressthe temporal
information (causality)embeddedn videotrajectoriesandthe
semanticmeaningthat they corvey. Porikli de ned relevant
distancesto handle trajectories, especially a HMM-based
distanceusinga RabinerdistancebetweenHMMs to compare
trajectorieg43]. A comparisorof similarity measureselying
on someof thesemodelingcanbefoundin [49]. Nevertheless,
the methodsbasedon HMMs, SMCs or DPNs developedso
far needmuch datato ef ciently model featuredistributions
so thatthesemethodsare unadaptedo treatshorttrajectories
(seesubsectiord.1).

The novel method developedin this paper considersthe
trajectory as a dynamicalpatternwhere the other modelings
describedabove considerthe trajectoriesas attachedto the
preciselmed scenearchitecturgfor example,pathsmodeling
in a parking video systems).So the approachdesignedhere
is different from those proposedso far in several points.
First, local differential trajectory featureswhich are able to
jointly captureinformation on the trajectory shapeand on
the object speedare introduced.Besidesthey are inherently
invariantto translation,rotation and scaletransformationsA
procedureto compute them, efcient and robust to noise,
hasalsobeendeveloped.Secondtemporalevolution of these
featuresoverthetrajectorycurve is explicitly accountedor by
consideringan original and effectve HMM scheme.ndeed,
the HMMs statesare given by properly quantizingthe real
feature values. This HMM methodis also able to process
trajectoriesof ary sizes (especially small trajectories),and
efcient HMM parameteestimationsareproposedMoreover,
a HMM distancewhich canbe exploited both for recognizing
dynamicvideo contentsand detectingunexpectedevents has
beenadopted.All theseelementsmake the overall proposed
framavork automatic,generaland e xible.

I1l. INVARIANT LOCAL TRAJECTORY FEATURES

A featurethat representsdoth trajectory shapeand object
accelerationmore speci cally, velocity magnitudechangeis
meant)is requiredto capturethe full intrinsic propertiesof a
videotrajectory As stressedn the introduction,it shouldalso
be invariantto 2D translation,2D rotation and scaletransfor
mationwhich will be helpful in mostvideo applications,and
may allow comparisorof trajectoriesfrom differentcameras.

A. Trajectory kernel smoothing

A trajectory Ty is dened by a set of ng points
f(X1;¥1); 5 (Xn, ; Y, )G correspondingo the successie im-
age positions of the tracked object in the image sequence
(video shot).Theterm“object” mustbe understoodn a broad
senseij.e., interestpoint, gravity centerof a segmentedegion,
window center...To reliably computethe local differential
trajectory features,a continuousrepresentatiorof the curve
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formed by the trajectory is needed.To this end, a kernel

approximationof Ty is performed,de ned by
"e (R e Gy
e Ge? Moe Gabr
where(x;;Y;) denoteghe obsened coordinate®f the tracked

Ogh = Yen =

objectat time t and (Ouh ; ¥:n ) its smoothedrepresentation.

Finally, h is a smoothingparameterto be set accordingto
the noisemagnitude Explicit expressioncanthenbe derived
for the rst- and second-ordertemporal derivatives of the
trajectorypositions:respectiely, Oyh , Uin , Ben and®ep .

B. Smoothingparameterselection

To have a completeautomaticfeatureextraction method,a
way to choosethe smoothingparameteh is neededHence,
for ary trajectory Tx of size ny, an averge squaed error
(ASE) (Hardleet al. [19]) criterionis consideredde ned by

1 R«
ASE(h) = ASE(Oxn) = e (Oin w3
i=1
whereu; arethe “true” valuesto estimate.A naive approxi-
mationp(h) of ASE (h), calledthe “resubstitutionestimate”,
is doneby replacingu; by X; suchthat:

1 R

p(hy = — (xi Q)% 1)
L
Now, addingand subtractingu;, to (1) leadsto
1 X )
p(h) = e ((xi  ui)+ (Ui Gin))
i=1
1 Kk ) 2 K
= — "T+ASE(h) —  i(Gin  ui)@)
Kij=1 i=1
with "; = x; u;. Consideringhow a crossvalidationmethod,
1 R«
CV(hy= =  (xi 0 in)?
L
where® i is a“Ieave-oBe-out"estimatorgiven by
Qo = i6i € (%)ZXJ’.
ith — e (%)z ’

isi
it canbe showvn that the expectationof the third term of (2)
is equalto zeroif 0 i is usedinsteadof 0;y, , i.e.,

2 X«

E[ —  "i(0 in

Mk o
Moreover, the rst term of (2), = [ "2, is independent
of h so that choosinghgp: suchthat CV (h) is minimizedis
equivalentto minimizing, on average ASE (h). Practically in
orderto keepcoherencef h asa window regardingthe data,
candidate$ to minimize CV (h) haveto bein the samescale
thanthe smallestvaluesof j i (i.e, h 1).

ui)] = O

C. Derivation of the trajectory featues

Local orientationof the curve, givenby = arctan(%_‘h),
is rst considered.By construction,it is invariant to 2D
translationand scaletransformationTo add invarianceto 2D
rotation, the temporalderivative of  (i.e,, ;) is analyzed.

Thus, 400 = ss&— - On the other hand:
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dtan ) _ wiur  eVp
dt uz
Then ool AT YA
t = CO t 2
ug
Also u
cos (= (1+tan® ) 1= =
ug + v
Finally,
Y _ Vi Ug e Vi - ‘kws k
{1~ 2 2  — t- Wi
ug + v
where = “&t "ty s the local curvatureof the trajectory

(uZ+vf)2
and kw;k = (u2 + v?)z the local velocity magnitudeat
point (us;vt). The numeratorof ; is the determinantof the
Ug 8¢
Vi Y%
is the squaredvelocity magnitude.Thus, ; is invariant to
rotation (aswell astranslationand scaleinvariantsince ; is
translationandscaleinvariant).This local featurealsocaptures
well both the trajectoryshapeandthe objectspeedsinceit is
composedf thelocal curvatureandtheinstantaneouselocity
magnitude.

The feature vector representinga trajectory Ty extractedin
a video shotis then the vector containingthe ny successie
valuesof : Wk = (_3; 2;

matrix and the denominatoru? + vZ = kwk?

ey N 1;_nk).

IV. TRAJECTORY MODELING AND SIMILARITY

In orderto efciently processhe invarianttrajectorychar
acterizationpreviously described probabilistic networks, and
more speci cally HMMs are usedsincethe inherentproper
ties of this modeling help taking into accountthe temporal
evolution of the spatio-temporalnformation containedin the
trajectories.ClassicalHMMSs, relying on GMMs (Gaussian
Mixture Models), are designedto model data of sufcient
sizes.Hencethis modelinghardly treatsmall trajectorieswith
only few dozensof obsenations.An original HMM modeling,
basedon a uniform quantizationof the obsenation spaceand
dealingefciently with smalltrajectoriesjs hereproposed.

A. Designof the hiddenMarkov model

Hidden Markov models (HMMs) are used to build the
neededstatisticalframenork since HMMs inherently express
temporal causality The HMM framawork is exploited in a
someavhat original way sincethe HMMs statesare given by
properlyquantizedvaluesof _. To determinethe HMMs state
values,the distribution of _ of the consideredrajectoriesis
studied.For eachtrajectory Ty, aninternval [B1x; Box] is de-
ned, centerecaroundthe meanvaluemy of _andcontaining
a given percentageP, of the computed . Experimentally
using P, equalto 95% gave the best efciency so that in
the following, P, will be x ed at a 95% value. Then, a
guantizationis performedon [B1;B2k] into a numberNE
of bins, namedthe interior states.This is illustratedin Fig.
1 which presentsthe quantizationperformedon the consid-
ered Py percentagg(i.e., in [B1k;B2k]) of _ obsenations.
Two boarding states(unlimited states)are also de ned by
] 1 ;Bix]and[Bak;+1 [, sothatthetotal numberof states
correspondingo atrajectory Ty is N = N2+ 2 wherestates
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S; andSy, aredenedby] 1 ;Bix]and[Bay;+1 [. Fig.
2 presentdour synthetictrajectoriesand their corresponding
histogramsin the consideredjuantization.This quantization-
basedHMM framework is now denotedas QHMM.

percentage P, of observed data

A
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Fig. 1. Quantizationperformedon the _ datacorrespondingo a trajectory
Tk by using ve bins,correspondingo ve interiorstates(NE = 5and,thus,
Ng = 7).

state 2 state 3

Methodsthat use QHMM to treat video trajectorieshave
alreadybeendesignedn [20] (thatwill be denotedby “global
QHMM"). The overall ideais here somavhat different since
a single and characterizinginterval per trajectory is now
consideredwhereasonly oneglobalinterval (on all the _data
from all the consideredrajectories)was usedbefore,consid-
ering the two boardingstatesas outlier measurementsThis
new proposedtechniqueallows to considerthe extreme data
valuesof a trajectoryasimportantinformationcorresponding
to signi cant phasesf the movementof a precisemobile.

The QHMM which modelsthe trajectory Ty is now char
acterizedby:

- the statetransitionmatrix A = fa; g with

8 =P[gs1 =S5 ja=S1] 1 ij Ni;
whereq is the statevariableat instantt and S; is its value
(i.e., theith bin of the quantizedhistogram);

- theinitial statedistribution = f ;g, with
ST Ny;

- the conditional obsenation probabilites B =
fh(i)g 1 [ Nk, whereb (1) = P[] g = Si],
sincethe computed_; arethe obsened values.

i=Pla=

The conditional obsenation probabilitiesP[ ; j ¢ = Si]
arede ned, in [B1k; B2xk], asGaussiardistributionsof means
i (i.e., the medianvalue of the histogrambin S;). Their
standarddeviations  do not dependon the state and are
speci ed so that the intervals [ | ; i + ] correspond
to the bin widths. Theseconditional obsenations probabil-
iges are then normalizedsuch that, for ary obsenration _,
iz1.-n Plt J @ = S]] = 1. Outsideof [B1x;B2x], the
obsenation are consideredto belong to the corresponding
boardingstate.An illustration of the conditional obsenation
probabilitiesis presentedn Fig. 3.
This conditional obsenation model has one very impor-
tant advantage.Consideringthat an obseration may (even
with very small probabilities)belongto ary other state,this

: 5 | P3| ge=3)
PR PR / P(Ve| g = 4)
Pk o / P(Ye| g =2)
N ! i P(¥e| G =5)
=" = = —— Pyl g =1
By | my, | Bag A
states : 1 2 3 d -

an observation 7t

Fig. 3. Modeling of the conditionalobseration probabilitiesfor a trajectory
Tk, usinga numberof statesNy = 5.

methodhelpsdealingwith very small trajectories preventing
from having zero values when estimating matrix A in the
training stage by lack of measure(especially in case of
short trajectories).Otherwise,if matrix A have zero values,
in nite distancewill befoundbetweerntwo (possibly“close”)
trajectories.

To estimateA and in this QHMM modeling, a least-
squareerror techniqueusedin [15] is adaptedhere, where
the QHMMs are assimilatedto a count process.If Ht(') =
P(:jgq = i) (correspondingto a weight for the count
process)empiricalestimatef A and (for atrajectoryk of

sizeny) aregivenby, for 1 i Ny and1 ] Ny:
P 10 40) P -
a =t MeHe i1 Hi
TR T

As illustration, examplesof a real trajectoriesare shaved in
Fig. 4, their smoothedcounterpartsas well as the estimated
valuesof A and coefcients for their associated@HMMSs.

In contrast,in the HMM framawork relying on Gaussian
mixture models (GMMSs) introducedin [43] to model tra-
jectoriesand their temporal evolution, the numberof states
remains dif cult to set (it relies on a validity score that
requiresa balancingfactorto be x ed), whereasin the next
section,a statisticalautomaticQHMM statenumberselection
is proposedFurthermoreto have an ef cient approximation
of the GMMs, the trajectorysize shouldbe much larger than
the number of Gaussianmixture components(used for the
conditionalobsenationdistribution) timesthe numberof states
[43], whereaghe novel QHMM methodis developedto handle
trajectoriesof ary sizes.

B. Choosingthe numberof HMM states

In the QHMM framework describedabove, the numberof
interior statesNE (in [B1.k;B2k]) usedto de ne a model
describinga trajectory Ty remainsunde ned. To efciently
computethis parametera statistical decision basedupon a
balancebetweenthe numberof statesand the con dencein
the histogramvaluesis developed. The aim is to de ne a
criterion suchthat both the numberof states(to preventfrom
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over tting) andthe size of the correspondingstatehistogram
valuescon denceintervals (to have a reliable histogramrep-
resentationwould be as small as possible.

Considering ; the “real” value correspondingo bin j (i.e,
statej ) of the normalizedhistogramrepresentinghe distribu-
tion of the _ of a trajectory Ty (of sizeny), andits estimator
A,— de ned asthe proportionof obsered _ in the considered

bin b
y A &
] = ]
ny
where 2! w?
Ki= Xi = f2sgi = 2i0N2+ 1

1=1 1=1
is the numberof obserationsin the bin S;, and

l\%+l

I’IE = Kj

i=2
is the numberof obsenationsin [B1.k; B2k].
Xii = 't ,2s¢ IS theindicator function of belongingof
in the interior states,and the hypothesisthat X, follows a
Bernoulli law on [B1;B2x] is done.
Then, using the centrallimit theorem[14],

A' E A.
—é# E N(;1); 8 = 2:::N2+ 1:
V[l
So, asymptotically
MUONETVIND; 8= 2:Ng+ L (3)
A,- is (trivially) an unbiasedestimatorof ;, so that the

con dence interval | Cos (with a con dence percentageof
95%) of ; canbede ned by

1Ces( 1) =1["  osVI["iT "+ eV
wherethe g¢5 quantileis the value ensuringthat, considering
eq. 3,
P( 217 osVI™NiL M+ sV

The randomvariable X, follows a Bernoulli law so that

0:95:

VIXpl= ;@ )
Using *; as an unbiasedestimatorof j, V[X;j;] can be
approximatecby
VIXplt Y@
Hence, X 0 L 20
VIl = Vi  Xiul= n—on[ Xi ]
Ki=1 k=1
L oume 1. i@ "),
- @nkv[xl;ll n(lz .

The con dence interval | Cos( j) has a size jl Cos( j)j
which canbe estimatedby

".(1 ".)

j1Ces( )i = 2 osV[Y]" 2 g5t g !
Coo JKime Ko K 1),
95 ® 95 ® .

Ny Ny

Consideringnow the meanvaluem, ¢y of jl Cos( ;)j for the
trajectory Ty, =

j=2:N 0+1 j1 Cos( J)J
Ny

mj cik
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jlCos( j)j (and so m,cx) is a decreasingunction of N2
sinceK is adecreasindgunctionof N 2. Thedecisioncriterion
basedupon a balancebetweenthe numberof statesN? and
the meansizeof the con denceinterval m; c is thende ned
by choosingl\‘r,? minimizing mycx + NE, suchthat

N¢ = argmin (mycx + NY):
Nk

Choosing , which is a scaling parameteraiming at helping
the comparisorof m, ¢k andNE by ensuringthesetwo values
to evolve in the samescale,is still needed.Consideringa
given distribution, the asymptoticestimationsof the propor
tions AJ— o= 2 Nl? + 1 are constant.Hence,m;ck is a
decreasindunction of n?, and,thus,it canbe assumedhat
is alsoa decreasindunction of n?. In orderto determinethe
function (n?), adecreasingunction (n?) = -0 (decreasing
function having the sameform that m,cx) is empirically
considered.

First, the choiceof a " constantis done by consideringa
value which gives somavhat compactdistributions of N2 for
the consideredtlasse®f similar trajectorieqseeFig. 8 for the
classe®f trajectories) by maximizingtheinter-classdistances
while minimizing the intra-classdistances( rst order linear
discriminantanalysison ). Then, choosinga representatie
valueof I\Tgi for thetrajectoriesof eachclassC; (for example
the meanof the N'Y found using” for the instancesf a class,
leaving out the isolatedpoints), the intenals that leadsto
this representatie Ngi value (for a classC;) versusthe sizes
of the trajectoriesare then considered.

As a result, a regressionwas processecn the upperand
lower boundvaluesof theseintervals, consideringthat

(ng) = ng + &
Usingatgastsquareerrorestimationschemethevalue min-
imizing  , €2 is found. Fig. 5 shavs that a regressionusing
aninversefunction of nY with a leastsquareerror estimation
givesvery satisfyingresults,validatingthe hypothesighat is
a decreasingunction of n? and more speci cally an inverse
function of nQ. This rst determinedfunction (n?) is then
usedto choosea new numberof statesNY for the whole
setof consideredrajectories)eadingto a new regressionand
so on until the function (n) was stable(no more changes
in the statessequenceassociatedo the set of trajectories).
This method enablesto have a relevant function (n?) for
ary classof trajectory In the experiments,t hasbeenfound
that = 0:0175 sothat (nf) = 2% is anefcient scaling
coefcient allowing automaticstatesnumberchoose for ary
trajectoryof ary class.

Then, to processa relevant comparison (i.e comparing
HMMs having the samenumberof states)an uniqguenumber
N? is neededfor the whole set of trajectories.Using the
function (n?) describedabove, the state number N to
considerin theintenals [B1k; B2k] is de ned by

N®=argmin  (micx + NY;
k
when consideringthe datacorrespondingo the whole set of

trajectories(Fig. 6).



IEEE TRANSACTIONSON CIRCUITSAND SYSTEMSFORVIDEO TECHNOLOGY,

100

SPECIALISSUEON EVENT ANALYSISIN VIDEOS -6

i I i i H i i i I
100 200 300 400 500 600 700 00 200 300 400

500

i
600

L i 1 i 1 i i 1
700 s00 900 1000 300 400 s00 600 700

0
025 02 015 01

005 0 005 01 01§ 02 025 004 002 0
{ 0.505 0.228 0.196  0.065 0.006 \ 0.441  0.345
0.106  0.325 0.399 0.154  0.017 0.227 0417
A= 0.070  0.306  0.418 0.178 0.028 A= 0.164  0.392
L 0.052 0.264 0.399 0.207 0.079 L 0.102  0.307
0.009  0.058 0.127 0.159 0.646 0.006  0.029

7 = [0.127 0.275 0.359 0.160 0.078]

002

7 = [0.238 0.359 0.260 0.077 0.067]

004 006 008

0.180  0.033 0.002 0.808 0.128 0.050 0.012 0.001
0.285 0.066 0.005 0235 0.262 0.256 0.173 0.074
0.327  0.100 0.017 A= 0.030 0.083 0.212 0.374 0.301
0.339  0.169 0.083 0.003 0.021 0.137 0.405 0.434
0.064 0.095 0.806 0.000 0.008 0.096 0.376 0.520

7 = [0.076 0.042 0.128 0.350 0.404]

Fig. 4. Upperpart: Plotsof realtrajectoriegextractedfrom FormulaOneracevideo shots)andtheir smoothedcounterpartsColorsof the curve pointsstand
for the differentstatevaluesand correspondo the histogrambin colors (colors have beenchosenrandomlysincethe statesare differentfor eachtrajectory).
Middle part: histogramsof the threetrajectoriesstatevalues.Lower part: correspondingestimatedransitionmatricesA andinitial statedistributions
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Fig. 5. intervals leadingto a chosen‘good” N © accordingto datasizes(trajectory
or group of trajectoriesfrom different classes).The red and blue points respectiely
correspondo the upperandlower bound,the greenonescorrespondindo the meansof
the intenals. The purple function is the regressionobtainedon the red and blue points,
using a leastsquareerror estimatorand an inversefunction of the datasizes.
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Fig. 6. function representinghe balance |, (m cx + N % usedto choosethe
numberof interior statesN ° of the QHMM modelswhen consideringthe whole setof
datacorrespondingo the 8 classesf FormulaOne trajectories(Fig. 8).

C. Similarity measue

To comparetwo trajectoriesa similarity measurehasto be
de ned. To this end,the built QHMM framework is exploited.
To comparerajectoriesa crossdistancebasedon the distance
D betweerHMMs proposedy Rabiner44] is de ned. Given
two HMMs representedby their parametersets ; and
(i = (Ai;Bj; 1)), thedistanceD is de ned by

D( i )= Zllog POV] |) log P(O] ;)
whereO0) = f 3; 5;u5; 4, g is the sequenceof measures
usedto train the model ; and P(OU)j ;) expressesthe
probability of observingOl) with model ; (computedusing
a Viterbi algorithm). To be usedas a similarity measurea
symmetrizedversionis required:

Do 11 )= 30C 15 N+DC5; Dl (@)

In the presenteanethod,aspeci ¢ modelingis associateto
eachtrajectory Ty, andis de ned by theintenval [B 1.k ; B2:k].
Hence,to comparetwo trajectoriesT; and T;, the parameter
sets {, |, 1 and | arecomputedwhere | correspondo
the parametergound for the trajectory T; when considering
the model associatedo the trajectory T; (_ intenval). Then,
the crosssymmetrizeddistanceD; betweentwo trajectories
T; andT; is thende ned by :

Dol 1 1) = 3CH D+DC]: D+0( ) +0( ) 1
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V. VIDEO UNDERSTANDING TASKS
A. Recanition of learnedclassesof dynamicvideo content

The problem of recognizing events, or equialently, of
retrieving instancesof known classesof eventsin videosis
hereconsideredEachclassis rst modeledby a setof QH-
MMs correspondingo representatie trajectories(thoseused
in the training step,i.e., the initial membersof the classes).
Recognitionis then performedby assigningthe processed
trajectoryto thenearestlass.Thedistanceo a classis de ned
usingthe averagelink methodand D . suchthat:

P
r2¢; Pe(Tks )

Dai(Te; Ci) = =
1

®)

B. Detectionof unexpectedevents

Detecting unexpected (or equialently, rare or abnormal)
events is of interestin mary applications.This issue has
beentackledusingthe sameQHMM-basedframeawvork. First,
a set of prede ned (or learned)classesis considered,once
againrepresentethy the estimatedQHMMs of the classinitial
membersFor eachclassC;, the mostrepresentatie trajectory
T, (i.e, the trajectory with the smallestmean distanceto
the other trajectoriesof C;) is found, and the distribution of
the intra-classdistancesto T,, is computed(with the other
trajectoriesof C;). For eachclassC;, the maximumof these
intra-classdistancevaluesis denotedby R;, andthe standard
deviation of theseintra-classdistancevalueshy ;. A test
trajectory Ty is thende ned to be an unexpectedevent if, for
every classCi, D¢(Tk; Ti,) > Ri + i, which enduresa low
falsealarmrate.

VI. OTHER METHODS FOR COMPARISON PURPOSE

To our knowledge, no previous works of video trajectory
analysis consideredthe overall view adoptedin this paper
By consideringa featurehaving thoseinvariancesand char
acteristics(consideringboth the trajectory shapesand speed
evolutions), this work considersthe trajectory as a dynami-
cal patternwhile the other onesconsiderthe trajectoriesas
attachedto the camerapoint of view. Therefore,in orderto
comparein a relevantway with othermethodsnew trajectory
comparisontechniqueswere developedto put forward the
propertiespatio-temporatonsideratiomndef cient process-
ing of small trajectories)of the developedQHMM method.

The methodgpresentedor therecognitionof dynamicvideo
contenttaskandfor the QHMM statenumberselectionsstands
similarly when consideringthe next three presentedlistances
to be comparedwith the QHMM method.

A. Global QHMM distance

A methodbasedon QHMM for trajectory analysis(clas-
si cation, clusteringand rare event detection)[20] [21] was
alreadydeveloped.This later will be denotednow by global
QHMM sincethe QHMM were usedto model the whole _
distribution (for the entire set of data associatedo all the
consideredrajectories)and not dedicatedto the preciseand
speci ¢ modeling of each trajectories.This global QHMM
methodwill be usedto comparewith the new one.
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B. Bhattaharyyadistancebetweerhistagrams

Basedon the global QHMM trajectory analysis method,
andin orderto assesshe importanceof introducingtemporal
causality i.e., transitions between states,a Bhattacharyya
distance-basedlassi cation method has beenimplemented.
The BhattacharyyalistanceD ,, betweertwo (normalizedhis-
togramsh; andh; of features ;, respectrely corresponding
to two trajectoriesT; and Tj\,/ is de ned by

4 U

ﬁ px

Db(Ti;Tj) = 1 h'qhq
¢=1

where hiq is the histogramvalue of bin q for trajectory T;.

Similarly to the global QHMM method,the testtrajectory Ty

is assignedo the nearestclassusing an averagelink method
(seeeq. 5, but usinghereDy,).

C. CrossedBhattadharyyadistancebetweerhistograms

To highlight the relevanceof consideringemporalcausality
in the novel QHMM method,a crossBhattacharyyalistance-
basedclassi cation methodhasbeenimplementedThe stan-
dardBhattacharyyalistancebetweerhistogramsvasenlaged
to the crossedBhattacharyyadistanceD ., betweentwo tra-
jectoriesT; and\;l',— de ned by

R _
i i
hqj’ hg

q =1

—Tcg

—s
Xi .
U7 hng+

gi =1

u
Den(Ti;T) =t 1

wherehiqj is the histogramvalue of bin ¢ (correspondingo
the bin g of the QHMM modelingassociatedo trajectoryT;)
when consideringthe trajectoryT;.

D. HMM/GMM modeling

Inspiredby the work of Porikli, the proposedHMM/GMM
distance[43] was extendedto the analysisof the ; feature.
This comparisonenablesto highlight some advantagesof
the QHMM methodin term of results (QHMM may deal
with small trajectories,not subjectto over tting when data
distributions are dif cult to model using Gaussiarmixtures).
An ergodic HMM was computed where the modeling of
obsenation( ; values)probabilitiesweredoneusingGaussian
Mixture Models. Initialization was done using a k-means
algorithm. To determinethe numberof statesof this HMM
modeling, a Bayesianinformation Criterion (BIC) hasbeen
used. Using this HMM/GMM framework to classify trajec-
tories, one HMM/GMM will be createdfor eachtrajectory
shaving the relevanceof the QHMM whendealingwith small
datasizes.Thedifferentconsideredaskswhererealizedusing
the same methodsthat with the QHMM method and the
standardRabinerdistanceD s (seeeq. 4).

E. SVMclassi cation method

To comparewith an usualand ef cient classi cation tool,
a Support Vector Machine (SVM) trajectory classi cation
method [7] was computed.The SVM method proposedin
[20] has been consideredwhere a trajectory is represented
by its global QHMM parametergsince every trajectory is
modeledusingthe samequantizatiorscheme)Hence for each
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trajectoryTy, avectorX containingtheHMM parameters
of the trajectoryis created. A SVM classi cation technique
with a GaussiarRBF (radial basisfunction) kernelwas used.
The reported results were obtained using the “one against
all” classi cation scheme For this classi cation method,the
numberof stateN parameteiselectionmethodof subsection
IV-B was also processed.

VIl. EXPERIMENTS
A. Video trajectories

Real trajectorieshave been extracted from Formula One
(Fig. 7) andAlpine skiing TV programs(downhill andslalom
races,Fig. 9) Imed with several cameras.Trajectoriesare
computedwith a trackingmethodusinga color-basedparticle
Iter [40]. Backgroundmotion dueto camerapanning,tilting
and zooming is estimatedand compensatedn the tracking
procedure[18]. Trajectory shapessupplied by this method
are thusfairly similar to the real 3D trajectoriesof Formula
Onesand skiers (up to an homographysincethe 3D motion
is planar examplesare plotted on Fig. 8 and 10).

Fig. 7. Imagesfrom video shots acquiredby two different camerasin
FormulaOneTV programattwo differentplaceson the circuit. Thecomputed
trajectoriesare overprintedon the images.

Fig. 8.  Plots of the 8 classesof trajectories(125 trajectories)of a Formula One

racevideo, eachbox containsa different class.A classof trajectoriesis composedof

trajectoriesextracted from shots acquiredby the samecamera.The different classes
correspondo differentcameragplacedthroughoutthe circuit at stratgic turns.

Fig. 9. Imagesfrom ski video shotsfrom two different races(the rst one from
a downhill race and the other one from a slalom race). The computedtrajectoriesare
overprintedon the images.
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Fig. 10. Plots of the 5 classesof skier trajectories(134 trajectories),each box
containsa different class.A classof trajectoriesis composedof trajectoriesextracted
from shotsacquiredby the samecamera.The three classeson the left correspondto
slalomtrajectoriesandthe two oneson the right correspondo downhill trajectories.

B. Resultson supervisedecaynition

Resultsregarding the recognitiontask are now reported.
QHMM-basedmethodhasbeencomparedwith the histogram
comparisontechniquebasedon the crossBhattacharyyais-
tance,the HMM/GMM modeling,the global QHMM method,
the Bhattacharyyalistanceand the SVM methodoutlinedin
Section VI. To evaluate the performancesa leave-one-out
crossvalidation[22] wasadopted.Tablell andTablelll con-
tainrespectrely theclassi cationresultsfor the setof Formula
One and for the set of ski video trajectories(corresponding
classesre presentedn Fig. 8 and Fig. 10).

This evaluationon real videos gave very satisfying results
sinceaccurateclassi cationswereperformedwith the QHMM
method,while the othertechniquegyave lessaccurateresults.
The comparisonwith the method basedon the crossBhat-
tacharyyadistance,which also supplied interesting results,
shavs the importanceof the temporalcausalitymodeledby
the QHMMSs. The relevance of consideringeach trajectory
individually is highlightedby the comparisorwith the global
QHMM methodand the Bhattacharyyadistancebasedtech-
nigue. Thesetwo latestmethods(and the SVM one) yielded
lessaccurateresults,andthe classi cation resultswere better
when considering6 classeghan 4 classesshawving the lack
of stability of thesemethodsdue to the global quantization
modeling. HMM/GMM modelingfails to classifytrajectories
as efciently as the other proposedmethods (highlighting
the e xibility of the QHMM modeling versusHMM/GMM
modelingwhen consideringsmall setsof data).

A major advantageof consideringinvariant featuresis to
be ableto handleincompletebackgroundmotion elimination.
Indeed the cameramotion estimationstepmay be inaccurate,
which generatesesidualeffects o, the computedtrajectories
asshawn in Figs.8 and 10. All the classegresentranslation
errors,andseveralcontaingmportantscaleerrors(e.g., classes
6 and 7 of Fig. 8, two classeson the right of Fig. 10).

Correctclassi cation resultswere also obtainedwhen con-
sideringthe “slalom” and“downhill” classe®f ski trajectories
(the “slalom” classcomposedwith the three classeson the
left of Fig. 10 and the class“downhill” composedwith the
two classesn the right of Fig. 10) with eachtestedmethod.
Classi cationsof “tight turn” (class2 in Fig. 8), “light turn”
(class4 and8in Fig. 8), “chicane”(classl and7 in Fig. 8) and
“U-turn” (class3, 5 and6 in Fig. 8) FormulaOnetrajectories
alsogave correctresults.

Theselast results highlight the relevance of the chosen
feature _ for analyzingthe dynamiccontentof video motions
acquiredby several differentcameras.
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Classl1

Class2 | Class3 | Class4 | Class5 | Class6 | Class7 | Class8 | Status
Ri + 0.0013 | 0.0141] 0.1189| 0.0069 | 0.0055 | 0.2077 | 0.0290 | 0.1167
Accidentl | 0.0031 | 0.1823 | 0.3056 | 0.0467 | 0.0303 | 0.4667 | 0.1285 | 0.2313 | detected
Track off 0.0199 | 0.3487 | 0.3388 | 0.1260 | 0.0064 | 0.3918 | 0.0883 | 0.1544 | detected
Accident2 | 0.0070 | 0.1000 | 0.1788 | 0.1260 | 0.0083 | 0.2885 | 0.0373 | 0.1381 | detected
Safetycar | 0.0117 | 0.1069 | 0.1385| 0.0942 | 0.0353 | 0.2673 | 0.05367 | 0.1362 | detected
TABLE |

DETECTION THRESHOLDS ARE SUPPLIED IN THE SECOND ROW FOR THE (LEARNED) CLASSES C; USED IN THE DETECTION TASK OF UNEXPECTED EVENTS. THE FOLLOWING
ROWS CONTAIN THE DISTANCES BETWEEN THE UNEXPECTED EVENTS TRAJECTORIES AND THE 8 REGULAR CLASSES (PLOTTED IN FIG. 8). THE EVENTS 'ACCIDENT 1',
'TRACK OFF AND 'SAFETY CAR' WERE SHOT BY THE CAMERA CORRESPONDING TO CLASS 1, WHEREAS 'ACCIDENT 2' CORRESPONDS TO CLASS 2.

Percentage of correctclassi cation
# classes 4 6 8
QHMM 100 99 96
Crossed-Bhattacharyya 98.2 98 95.2
Global QHMM 96.4 99 94.4
Bhattacharyya 94.5 96 93.6
SVM 96.4 99 92.8
HMM/GMM 98.2 96 80
TABLE I

COMPARISON OF THE RECOGNITION PERCENTAGES FOR THE TRAJECTORIES
EXTRACTED FROM FORMULA ONE VIDEOS, USING THE LEAVE-ONE-OUT CROSS
VALIDATION TECHNIQUE. THE CONSIDERED GROUPS OF 4 AND 6 CLASSES ARE

RESPECTIVELY COMPOSED WITH THE CLASSES 1 TO 4 AND 1 TO 6 IN FIG. 8.

Percentagef correctclassi cation
QHMM 92.4
Crossed-Bhattacharyya 91.7
Global QHMM 91.7
Bhattacharyya 91.7
SVM 91
HMM/GMM 78.2

TABLE 1lI
COMPARISON OF THE RECOGNITION PERCENTAGES FOR THE 5 CLASSES OF
TRAJECTORIES EXTRACTED FROM SKI VIDEOS, USING THE LEAVE-ONE-OUT CROSS
VALIDATION TECHNIQUE.

C. Resultson the detectionof unexpectedevents

Experimentson several real videos for the detection of
unexpectedevents using QHMMs were also conducted.For
the Formula One race video, the developedQHMM method
was able to detect unexpectedevents such as accidentsor
carsveeringoff the track (revealedby an abnormaltrajectory
shape)and intervention of the safetycar (revealedby a quite
different speedwhile the global trajectory shape remains
unchanged)or the skiing competition,the methodwas able
to detectfalls of skiers. Theseresultsshav the relevanceof
the _ featureto accountfor both the shapeof the trajectory
andthe speedevolution.

Fig. 11 and Fig. 12 respectiely shav three Formula One
video sequenceandtwo Alpine skiing racevideo sequences.
In eachcase,the rst one belongsto a regular event class
while the others are examples of unexpected events. The
criterion describedin subsectioniv-B allowed us to correctly
detectthe unexpectedeventsin all the processedxamples.in
Table | and IV are supplied,for several unexpectedevents,
the R; +  criterion values and the distancebetweenthe
trajectory detectedas unexpectedevent and the considered
classe<C; (presentedn Fig. 8 and 10). Hence,the QHMM-
basedframavork can be straightforvardly and successfully
exploited for detectingunexpectedeventsin videos.

Class1 | Class2 | Class3 | Class4 | Class5 | Status
Ri + 0.1315{ 0.0428] 0.0392] 0.1442| 0.0454
Fall of a skier| 0.1723] 0.1224] 0.0715] 0.6086| 0.3258| detected
TABLE IV

DETECTION THRESHOLD ARE SUPPLIED IN THE SECOND ROW FOR THE CLASSES OF
SKI TRAJECTORIES USED IN THE DETECTION TASK OF UNEXPECTED EVENTS. THE
FOLLOWING ROW CONTAINS THE DISTANCE BETWEEN THE EVENT “ACCIDENT”
TRAJECTORY AND THE REGULAR CLASSES.

Fig. 11. Imagesfrom FormulaOneracevideo shots.Eachrow presentsan
exampleof unexpectedevent (accident safetycar appearancandcar driving
off the track). The trajectoriesare overprintedon the images.

Fig. 12. Imagesfrom Alpine skiing competitionvideo shotsacquiredby the
samecamera.Trajectoriesare overprintedon the images.Top row: example
of regular class.Bottom row: exampleof unexpectedevent (fall of a skier).

VIIl. CONCLUSION

A statistical trajectory-basedHMM frameawork for video
contentunderstandingvas proposed automatic,generaland
exible enoughto solve challenging tasks: recognition of
events correspondingto learned classesof dynamic video
contents and detection of unexpected events. Appropriate
local trajectory featuresinvariantto translation,rotation and
scaletransformationsand that can reliably be computedin
presenc®f noise,have beenintroduced Ef cient statistically-
basedparameteestimationamethodswere also proposed An
importantsetof comparatie experimentson real videos(sport
TV programs)with classi cation groundtruth hasbeencon-
ductedandshavedthatthe proposednethodsuppliesaccurate
resultsand offers better performanceghan other approaches
such as histogram comparison,HMM/GMM modeling and
SVM classi cation. Extensionsof this work will investigate
the representatiorof actwvities in videos using hierarchical
modelingof interactingspace-timegroupsof trajectories.
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