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Abstract

This paper presentsa methodto classifyscenesbasedon
motioninformation While they useobjed trajectoriesor
opticd ow eld as motioninformation in previous work,
weusetheinstantaneouganotionsof multipleobjectsin each
image. In orderto dealwith variablenumbe of objectsin a
scenewe usemomentstatisticsas featues. Our appoach
is basedon clustering a form of unsupevisedlearning, and
need litle human intervention Furthermae, the proba
bilistic modelbasedtlusteringmalesit easyto deteciscenes
with novel patterns.

1 Intr oduction

Motion informationis importantfor sceneactivity recogri
tion in visual surwillance [8, 6, 1, 10, 15 andfor content
basedvideo retrieval [3, 12, 17, 7, 2]. This papempresenta
methal to classifyscenedasedn motioninformation.

In previouswork, they useasmotioninformation:

trajectoresof eachobject[3, 8, 2, 15|

positioral relationshipof two objects,andits tempaal
chamge[17, 6, 10|

motion of eachpixel (i.e. optical ow eld) [12, 7,1]

We useasmotioninformationthe positionsandthe veloci-
ties of multiple objectsin eachimage.Which motioninfor-
mationto usedependson the application We supposehat
the motion informationwe useis suitablefor recoqizing
the situationin a total scenewhenthereare mary moving
objeds suchaspeopleandvehiclesin thescene.

Since the numter of objectsin a scenechangs with
time, we cannad use object positionsand velodties them-
selwes as featuresfor the scene. Insteadof them, we use
monentstatisticsfor the distribution of the moving objeds
in positionandvelocity product space.

The proppsedmethodconsistsof two phasesthe learn-
ing phaseandtherecogition phase. In thelearningphase,
scenesn thelearningdataareclusteredn thefeatue space.
Suppaethescenesn thelearningdatacorrespndto usual
situationsat the obsenation site. Thenthe clusteringresult
is the classi cation of the scenedfor usualsituations. In
the recaynition phase a nevly obsered scenes classi ed
accordng to which clusterthe scenebelorgs. In addition
scenesvhich do not belongto ary of the clusterscanbe
detectedasnoved scenes.

Generally speaking (1) which scenescorrespod to
usualsituations,(2) which scenesorrespad to novd sit-
uations,and(3) how scenedor the usualsituationsareclas-
si ed, all of thesedependontheapplication(e.g.thetame,
theobjective, andthe methodof the suneillance, or the cat-
egoly of thevideo library, andthe objedive of theretrieval).
But, in our machire learnirg apprach, muchof the appi-
cation depedent knowledge can be learnel directly from
datathrough clustering Hencethe proposedmethodis very
muchindegendentfrom theapplication Furthemore,clus-
teringis aform of unsugrvisedlearninganddoesnot need
usto labelthelearningdataasusualor novel.

We explain the input datain Sec.2. We then explain
thelearningphasendtherecogition phaseof theproposed
methodn Sec.3 andSec.4 respectiely. In Sec.5, theresult
of the experimentusingthreeexanmpleswill be discussed.
We summarizeour presetationin Sec.6.

2 Input Data

We x avideocameraat anobsenrationsiteand Im con-
tinuowsly. We assumea detectionandtracking systemfor
all the objectssuchas pe@le or vehcles which appearin
suchvideoscenegInterestedreadersarereferedto review
papes ontracking[5, 11]. Therewasa W/S onthe subject
recently[16].)

At eachinstanceof time , thetracking systemprovides



uswith aa motionvectorset

where is theindex setfor theobjectswhichappeain

the sceneattime , and and are

the centerpositionandits velacity of the -th objectattime
in theimagecoadinatesystem.

3 Learning Phase

The learnirg phaseproceed in the next order: (1) feature
extraction,(2) principal conponen analysi(PCA), and(3)
clustering

3.1 Feature Extraction

Whenwe usethescenesluiing time for learning
then,inputto thelearnirg phases the setof MVS's for the
periad of time: . Sincethe numter
of objectsin ascene, , changswith time, we canrot
usetheelementof directly asfeatues. Insteadof
them,weusea x ednunberof momen statisticscompued
from

Momertsarewidely usedto charactdee probability dis-
tributionsin statisticsaswell asto charaterizemassdistri-
butions in mechaits. An image,a maping from 2D co-
ordnatesto grey scalescanbeconsideredsa densitydis-
tribution in 2D. Therefore,momentsareusedalsoasimage
featues[13]. The popdarity of the momens can be ex-
plainedby theuniquenessheolemin statisticsthemoments
all togethewuniqudy deternine thedensitydistribution [14].

In our method we usemomerns to charaterizedistri-
butions in 4D position and velocity product space,of the
moving objectswithin a scene. As featuesfor a sceneat
time asawhole,weuse

1. thenumberof objectsin the scene,

2. the samplemears of the positiors and velccities (the
rst order monents),

3. -th(thesecondandhighea) ordercentral momersde-
ned below.

where are non negative integers, and

holds.

The covariancesarethe secondordercentralmomens.
For examge, , Whichis de ned as —

, is the variarce . , dened as
, is the covariance

Which of the higher order momers are necessaryas
features depems on the apgication. In this paper we use
up to the secondorder cental monents(i.e. 4 variarces
and6 covariances)asfeatues® . Hence,a sceneat time
is expressedwith a 15 dimersionalfeatue vector

Wethennormalizeeachcompamentof thefeaturevecta,

, Sothatits averag andthe varianceover all the learn-
ing datawill becone 0 and1 respectidly. We dende the
normalizedfeaturevectoras

3.2 Principal ComponentAnalysis

It is well known thatclusteringin highdimensiol spaces
dif cult. We apply principal compmentanalysis(PCA), a
well establishednethodin dataanalysisfor dimersionality
redudion. PCA is appliedto theset of 15 dimensiosl
featurevectos: .

Then,the 15 dimensioml featue vectos are expressed
as a linear comhination of the principal compomnts the
eigervectorsof the covariancematrixfor . Only themajor
principal compamentswill beretainedsuchthatthe sumof
their contibution ratesexceedssomethreshold We dende
thecoefcie nt vector whichis anew featurevecta with re-
duceddimensiomlity as  , andcall it asaprincipal com-
ponet vecta.

3.3 Clustering

The principal compament vectos for all the scenes,

, arethenclusteredusingMCLUST [4],
a model basedclusteringpackage. Using EM algoiithm,
MCLUST estimateghe mixture modeé of Gaussiarpraoba-
bility distributions(1), eachof which correspndsto a clus-
ter.

@)

1In the experimentof simulated roadcrossingwhichwill bediscussed
we testal both of the 15 dimension& featue vecta and 35 dimensiona
feature vectorwhich containsall of the third ordermoments.The results
werenot very muchdifferent.



where istheprior probability for to becontainedy the
-th cluster is the total numker of clusters,and is the
lengthof thefeaturevector

We useMCLUST for two reasons:

MCLUST selectsthe bestmodel? anddetermiresthe
most appropiate nunber of clusterson the basis of
BIC, BayesiannformationCriterion.

We canusethe estimatedprotabilistic modelfor nov-
elty detectionin therecogiition phasewhich will be
explainedshortly.

4 RecognitionPhase

In therecoqition phasefor a newly obsered scene(1) its
15 dimensioml featurevectos , is compued and nor
malized andthen (2) is projecta onto the subspae ob-
tainedby PCA. This givesusthe principal compamentvec-
tor, , to beusedin (3) novelty detectiorand(4) classi -
cation. (5) Tempoal smoothimg will thenbe appliedto the
detectim andclassi cationresults.

4.1 Novelty Detection

Our novelty detection makes full use of the probabilistic
mockl basecclusteringmethod andis basedon the follow-
ing lemma[9].

froma
, the

Lemmal Givena dimensionArandan vector
Gaussiandistribution with mean and covariance
probability that satis estheinequality (2) is

)

whee is the distribution with

DOFs.

poirt of

Thesetof 'swhich satis estheinequality(2) is calledas
the certaintyellipsoid

Sincewe have estimated mixtureof Gaussiarprobabil-
ity distribution usingMCLUST in clustering,we cancom-
putethe certaintyellipsoidfor eachcluster Given , the
featue vectorof a sceneattime , we checkfor eachof the
clusterswhether is containedn its certaintyellipsoid
using(2). If is not containel in ary of the ellipsoids,
thescends determiredasnovel.

2MCLUST providesvarious modelsaccoding to thevolume theshape,

andthe orientation of the densty contoursfor eat cluster. They canbe
allowedto vary betweenclusters,or constranedto be the samefor all clus-
ters.

4.2 Classi cation

IF ascenewith afeatue vecta hasnot beendetected
asnovd, it is classi edby nding the clusterto whichit be-
longs. Thecluster , is the onewhich maximizes

for . This canbe computedusingthe next for-
muladerivedfrom Eq.(1) andBayess theoem.

®3)

4.3 Temporal Smoothing

We have treatedeachscenandeendetly sofarin cluster
ing andclassi cation,without consideing its tempor& con-
tinuity. As a simplemethodto enfore tempoal contindity,
we compute,astheclusterlD of asceneattime , thelD of
the clusterwhich appeas mostfrequentlyin the window of
scenedetweertime and

Thetempora smootling is appliedto novelty detection
aswell. We usethe majority of the outputs (i.e. novel or
not) for thescenesn thewindow.

5 Experiment

In orde to shaw the validity of our methal, threeexperi-
mentshave beencarriedoutwith thefollowing settings.

In PCA, only the major principal compnentsare re-
tainedsuchthatthe sumof their contribution ratesex-
ceeds

certaintyellipsoids(
elty detectior®.

) areusedfor nov-

In tempaal smootling, we set

5.1 Simulated Road Crossing

In this example,we simulateda roadcrossing SeeFig. 1.
Themotionpatters of the peoplewhowalk acrosgheroads
were learnedandthenclassi ed. Thereare4 crossvalks,
two of themarein thevettical direction andtwo in thehori-
zontaldirection In accodancewith thetraf ¢ signalswhich
changin every50thscenepedestriansrosstheroadsin ei-
therof thetwo directions.

Learning Phase

We used1000scenedor learnirg. The nunber of objects
(peope) perscends 8 at the minimum and44 at the max-
imum. In PCA, the rst 3 principal compnentswerere-
tained(i.e. ). Fig. 2 shaws the clusteringresultup to

3Generaly speakim, novel scenesaremorereliably dete¢ed aswe in-
crease , but moredetection errorsaremadeasto usualscens.
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Figurel: Exp.1 Simulatedroadcrossing

scene30Q Thek are4 clusters.In the gure,we showv in a
xy graphhow theclusterID (i.e. theclassi cation)changes
asthescendi.e. thetime) charges.Shavnis thegraphafter
thetempaal smootling hasbeenapplied

Sincethe trafc signalschang with the periad of 50
scenesye cantell from Fig. 2 thatcluster#2,for thescenes
in the midde of intervals 0-49, 100-149, 200249, corre-
spords to the steadystatewherepeopleare walking in the
vettical direction Similarly, cluster#4, for thescenesn the
midde of intenals50-9, 150-199,250:299, correspadsto
the steadystatewherepeqle arewalking in the horizantal
direction.

The rest of the clusterscorrespondto transientstates.
Cluster#1 correspads to the statewhen pedestrias are
beginning nishing to crossin eitherof the two directians.
Cluster#3 correspndsto the statewhenall of the pedestri-
ansarestandingstill, i.e. pedestriansin the vettical (hori-
zontd) direction have nished crossing andpedestriansn
the horizantal (verticd) directionarewaiting for the signal
to chang.

Cluster ID

Scene Numbe

Figure2: Exp.1: Clusteringresult

Recogition Phase

300scenesare provided for the recaynition phase.We set
up sothata still objectsuddely appeas in the centerand
all pecestriansgather arownd the objed in scenesl10-160.
SeeFig. 3.

Figure3: Exp.1 Scenewith anovd pattern

Novelty

|

Scene Numbe

Figure4: Exp.1: Novelty detection

Fig. 4 shavs the resultof the novelty detection Scenes
113167 aredetectedasnovel, becausehe motion patterns
in thesescenesare not containg in the learnedscenes.
Fig. 5 shavs theclassi cationresult. We canseethe classi-
cation in the gure is appraximately equalto thatin Fig.2
exceft for thenovel scenes.

5.2 RoadCrossing

In thesecondexample,we used3 min. 20sec.longobsena-
tion dataatarealroadcrossing(Fig. 6). In orderto improve
thecomputationalef ciency andto increasegheaccurag of
positionandvelocity data,10 consecutie frames(1/3 sec-
ond)arecomhbinedto ascenefor whichtheaverageposition

Cluster ID

50 250

Scene Numbe

Figure5: Exp.1: Classi cation



Figure6: Exp2: Sceneof arealroadcrossing

Cluster ID

Scene Numbe

Figure7: Exp.2 ClusteringResultandChangsnoticedby
humansubjects

andvelocity arecompuedandused.The nunberof theob-
jects (vehicles andpeope) per sceneis 4 at the minimum
and25 atthemaximum.

Learning Phase

We used450 scenesn the preceéhg 2.5 minutesfor the
learnirg phase. The rst 5 principal compmentswere re-
tainedin PCA ( ). The Brokenlinesin Fig. 7 shaw the
clusteringresult. Thereare5 clusters®.

Changesnoticed by Human subjects

In order to evaluatethe clusteringresult of the proposed
methal, a commarisonwasmadewith thatby 9 humansub-
jects.Sinceit is dif cult for humars to classifyscenesthey
areasledto tell uswhenthesituationcharmges. Thesubjects
weretold beforelandthatthe situationchamge canbe either
(1) achamgeof thetrafc signals,or (2) acongestiorandits
dissolutionin thelanes,or (3) others.

Solid lines in Fig. 7 shav when the situationchanges
accoding to thehumansubjects Amongthe scenechanges
noticedby ary of the subjectsonly the chargeswhich are
close within scenesand were noticedby morethan 3

4Cluste #4 disappees from the gure becaiseof thetempora smooth-
ing.

peope werecollected. Then,for eachcollection(i.e. each
situationcharge), its averag scenenunber was computed
and usedasthe result. As explained, broken lines in the
samegure aretheclusteringresultof our methal.

In orderto evaluge our methal quartitatively, the preci-
sionandtherecall of the methodwerecompued,assuming
thatthechargesnoticedby thehumansubjectsaretrue (cor
rect).

where

TP TruePositve. Total chargesfoundbothby the subjects
andby our method Small differencesin time arene-
glected®.

FP FalsePositive. Total chamgesnotfound by subjectsput
by ourmethod

FN FalseNegaive. Total changedound by the subjects,
but not by our method

Theprecisionandtherecall of our methodwere ,
and , respectiely. Thelow precisioncanbe explained
like this. While chargesfrom cluster#1 to #5, andthose
from #5 to #1 correspad to traf ¢ signalchangesandare
consideed to be important by the subjects,chamgesfrom
cluster#3 to #1, and thosefrom #5 to #2 do not corre-
spondto signalchangsandarenot considerd impartant ©
. Considerig the high recall,our methd is goodat nding
changsimportart for thesubjectsin summarythecluster
ing resultis consiceredto beredurdantandthoraughfor the
humansin this expeiment.

Recognition Phase

150scenesn thelast50 second werepassedo the novelty
detection andscenedrom 55 to 66 weredetectedasnove
(Fig. 8). In the detectedscenespnly oneof thetwo vettical
lanesis crowded,andin the opposite lane, vehicleswithin
theovd areresting(Fig. 9). Sceneswith sucha patternare
notcontairedin thelearnirg data.

5The maximaldifferencein time was10 scens, andthe averagediffer-
encewas8 scens (2.7sec.).

6In bothcluster#3 and#1, mary of the objectsaremoving vertically. In
bothcluste #5and#2, mary of the objeds aremoving horizontaly. While
thereareasmary objeds in theright lane asin theleft lanein cluste #3,
therearemoreobjedsin theright lanein cluster#1. While there areobjeds
in thenearroadaswell asin thefarroadin cluste #5,thereareobjedsonly
in thenearroadin cluste #2.
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Scene Numbe

Novelty

Figure8: Exp2: Novdty Detection

Figure9: Exp.2: Scengound by the novelty detection

Tracking Err ors

As statedcbefore theproppsedmethodassumethatit is pos-
sibleto detectandtrackall themoving objectsin thescenes.
Here wetry to assestheeffects,whentheassumptioris vi-
olatedand of themoving objectsin eachscenearenot
detecteftracked’ . We considerthreecases{1) noerrorin
thelearnirg data,and errorin therecogition data,(2)

errorin the learnirg data,andno errorin the recogti-
tion data,(3) erra in thelearningdata,and erra
in therecogiition data.

Tablel shaovsthedetectiorandclassi cationerrorrates
for the three cases,assumingthat the detectionsand the
classi cationsarecorrectwhentherearenotrackingerras.
The detectia (classi cation)errorrateis the percentag of
thescenesvhichweredetectedclassi ed) differentlywhen
therearetracking errois in either (or both) of the learnirg
andrecogrtion phasesBoth erra rateswerelow, consid-
ering trackng erras. Our methdl is consideedto be
robustto trackirg errorsin this experiment.

5.3 Basketball Game

In thethird exanmple, we expeiimentedwith 9.5minute long
obsevationdataof a basletbdl game(Fig. 10). 15 consec-

7 success rate of tracking vehides in occlusion situaions has
beenreportel [10].

Figurel0: Exp3: Scendrom abaslethall game

Cluster ID

Scene Numbe

Figure11: Exp.3: ClusteringResultand Changesoticed
by humansubjects

utive frames(1/2 second)are combined and averaged to a
scene.The playes weretracked but the judges, the audi-
encesandtheball werenottracked Therefae, the nunmber
of objectsin eachsceneis x edandis equalto the nunber
of playes (10).

Learning Phase

We usedabout650 scenegluiing 5.5 minuteperiodin the
learningphase.In PCA, the rst 10 principal compnents
wereretained( ). TheBrokenlinesin Fig. 11 shav
theclusteringresult. Thereare5 clusters.

Changesnoticed by Human subjects

The clusteringresultwasthencomparedwith thatby 9 hu-
man subjects. Sinceit is dif cult for humansto classify
scenesthey areasledto tell uswhenthe situationchangs,

Tablel: Exp.2 Errorratesfor detectionandclassi cation

trackingerror recoqition erra
learnirg recogrition | detection classi cation
nore 10% 5.0% 6.4%
10% nore 8.6% 7.1%
10% 10% 2.1% 6.4%
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Scene Numbe

Novelty

Figurel2: Exp.3: Novelty Detection

Figure13: Exp3: Scendrom atimeout

wherethe situationchangecanbe either(1) achang in de-
fenseandoffense, or (2) a suspensiorr a resumptio be-
causeof fouls, or (3) othes.

Solid linesin Fig. 11 shav whenthe situationchanges
accoding to the subjects. As explained earlier the bro-
kenlinesarethe clusteringresultof our method Assuming
thatthe changsnoticedby the subjectsaretrue, the preci-
sionandtherecall of our methodwerecompued. They are

,and , respectidy 8. Sinceboth of the preci-
sionandtherecallarehigh, we conside thatthe clustering
resultof our methd is reasonale for the humars in this
experiment.

Recogition Phase

350sceneq?2 min. 55. seclong) which hadnot beenused
in the learningphasewere passedo the novelty detection
Scenedrom 85 to 202 were detectedas nove (Fig. 12).
They arethe scenedor atime out (Fig. 13). Suchscenes
were not contaired in the learnirg data. Whenwe check
with thevideo tape,thetime out wasfrom scener6to 217,
andhasa goodcorrespnderte with thedetectiorresult.

8For the chargesfound by both the subjecs andour method the max-
imal differencein time was 6 scens, and the averagedifferencewas 2.7
scenegl1.3sec.).

Tracking Err ors

As in the secondexperiment, we assesshe effectsof track-
ing errors. Table 2 shaws the detectionand classi cation
errorratesfor the threecasesassuminghatthe detectims
andtheclassi cationsarecorrect whentherearenotracking
erros. Thedetectim errorrateswerelow corsidering10%
trackingerrors. But the classi cationerra rateswerehigh
whenthereareerroisin thelearnirg data.Whenthenlearn-
ing datahaserrors,the probability model andthe nurber of
clusterscanbecane different ® , andthis explains why the
errorratesarehigh. Theproposednetha maynotberobust
in this expeliment.

6 Summary and Future Work

We have presentd amethodo classifyscenedasecdnmo-
tion information. While they useobjecttrajectoriesor opti-
cal ow eld asmotion informationin previous work, we
usethe instantaneus motions of multiple objeds in each
image. In orderto dealwith varable numter of objectsin
a scenewe have proposedto usemormnent statisticsasfea-
tures. The propsedmetha consistsof two phases.in the
learningphasescenesn thelearnirg dataareclustered.n
therecogition phasea newly obsevedscends classi ed.
In addtion, sceneswith novel motion pattersare detected
We have carriedout threeexpeimentsand shoved the va-
lidity of ourmethod

As future work, we planto (1) learnandrecogize the
tempoal dynamnics of the scenesand (2) expeliment with
obsenationswith muchlonge periad of time.

Table2: Exp.3 Errorratesfor detectionandclassi cation

trackingerror recoqition errar
learnirg recogtition | detection classi cation
nore 10% 0.0% 4.4%
10% nore 13.1% 331%
10% 10% 15.1% 326%

SWemanualy corvertedtheclusta IDs for each of the errorcases,
sothatwe cancomparehemwith theIDs in theerrorfree case.
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