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Abstract

This paper presentsa methodto classifyscenesbasedon
motion information. While they useobject trajectoriesor
optical �ow �eld as motion information in previous work,
weusetheinstantaneousmotionsof multipleobjectsin each
image. In order to dealwith variablenumber of objectsin a
scene, we usemomentstatisticsas features. Our approach
is basedonclustering, a formof unsupervisedlearning, and
needs little human intervention. Furthermore, the proba-
bilistic modelbasedclusteringmakesit easytodetectscenes
with novelpatterns.

1 Intr oduction

Motion informationis important for sceneactivity recogni-
tion in visual surveillance [8, 6, 1, 10, 15] andfor content
basedvideo retrieval [3, 12, 17, 7, 2]. This paperpresentsa
method to classifyscenesbasedonmotioninformation.

In previouswork, they useasmotioninformation:

� trajectoriesof eachobject[3, 8, 2, 15]

� positional relationshipof two objects,andits temporal
change[17, 6, 10]

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

We useasmotion informationthepositionsandtheveloci-
tiesof multipleobjectsin eachimage.Which motioninfor-
mationto usedependson theapplication. We supposethat
the motion informationwe useis suitablefor recognizing
the situationin a total scenewhentherearemany moving
objects suchaspeopleandvehiclesin thescene.

Since the number of objectsin a scenechanges with
time, we cannot useobjectpositionsandvelocities them-
selves as featuresfor the scene. Insteadof them, we use
momentstatisticsfor thedistribution of themoving objects
in positionandvelocityproductspace.

Theproposedmethodconsistsof two phases,the learn-
ing phaseandtherecognition phase. In thelearningphase,
scenesin thelearningdataareclusteredin thefeaturespace.
Supposethescenesin thelearningdatacorrespondto usual
situationsat theobservation site. Thentheclusteringresult
is the classi�cation of the scenesfor usualsituations. In
the recognition phase,a newly observedsceneis classi�ed
according to which clusterthe scenebelongs. In addition,
sceneswhich do not belongto any of the clusterscan be
detectedasnovel scenes.

Generally speaking, (1) which scenescorrespond to
usualsituations,(2) which scenescorrespond to novel sit-
uations,and(3) how scenesfor theusualsituationsareclas-
si�ed, all of thesedependontheapplication(e.g.thetarget,
theobjective,andthemethodof thesurveillance,or thecat-
egory of thevideo library, andtheobjectiveof theretrieval).
But, in our machine learning approach,muchof the appli-
cation dependent knowledge can be learned directly from
datathroughclustering. Hencetheproposedmethodis very
muchindependentfrom theapplication. Furthermore,clus-
teringis a form of unsupervisedlearninganddoesnot need
usto labelthelearningdataasusualor novel.

We explain the input datain Sec.2. We thenexplain
thelearningphaseandtherecognitionphaseof theproposed
methodin Sec.3 andSec.4 respectively. In Sec.5, theresult
of the experimentusingthreeexampleswill be discussed.
We summarizeourpresentationin Sec.6.

2 Input Data

We �x a videocameraat anobservationsite and�lm con-
tinuously. We assumea detectionandtrackingsystemfor
all the objectssuchaspeople or vehicles which appearin
suchvideoscenes(Interestedreadersarereferredto review
papers on tracking[5, 11]. Therewasa W/S on thesubject
recently[16].)

At eachinstanceof time
�

, thetracking systemprovides



uswith aa motionvectorset, �������
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are
thecenterpositionandits velocity of the
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-th objectat time
�

in theimagecoordinatesystem.

3 Learning Phase

The learning phaseproceeds in the next order: (1) feature
extraction,(2) principal component analysis(PCA),and(3)
clustering.

3.1 FeatureExtraction

Whenweusethescenesduring time &('

�

'*) for learning,
then,input to thelearning phaseis thesetof MVS's for the
period of time:
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of objectsin ascene,
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, changeswith time,wecannot
usetheelementsof ���.���
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directlyasfeatures.Insteadof
them,weusea �x ednumberof moment statisticscomputed
from �������

���

.
Momentsarewidelyusedtocharacterizeprobability dis-

tributions in statisticsaswell asto characterizemassdistri-
butions in mechanics. An image,a mapping from 2D co-
ordinatesto grey scales,canbeconsideredasa densitydis-
tribution in 2D. Therefore,momentsareusedalsoasimage
features [13]. The popularity of the moments can be ex-
plainedby theuniquenesstheoremin statistics:themoments
all togetheruniquely determinethedensitydistribution [14].

In our method, we usemoments to characterizedistri-
butions in 4D position and velocity product space,of the
moving objectswithin a scene.As features for a sceneat
time

�

asawhole,weuse
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2. the samplemeans of the positions andvelocities (the
�rst order moments), �%2 �3�
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3. 4 -th (thesecondandhigher) ordercentral momentsde-
�ned below.
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4 holds.

The covariancesarethe secondordercentralmoments.
For example,
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Which of the higher order moments are necessaryas

features depends on the application. In this paper, we use
up to the secondorder central moments(i.e. 4 variances
and6 covariances)asfeatures 1 . Hence,a sceneat time

�

is expressedwith a 15 dimensional feature vector: gS�
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Wethennormalizeeachcomponentof thefeaturevector,

g!�

���

, so that its average andthevarianceover all the learn-
ing datawill become 0 and1 respectively. We denote the
normalizedfeaturevectoras lg!�

���

.

3.2 Principal ComponentAnalysis

It is well known thatclusteringin highdimensional spaceis
dif�cult. We apply principal componentanalysis(PCA), a
well establishedmethodin dataanalysis,for dimensionality
reduction. PCA is appliedto the set � of 15 dimensional
featurevectors: �
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Then,the 15 dimensional feature vectors areexpressed

as a linear combination of the principal components, the
eigenvectorsof thecovariancematrix for � . Only themajor
principal componentswill be retainedsuchthat thesumof
their contribution ratesexceedssomethreshold. We denote
thecoef�cie nt vector, which is anew featurevector with re-
duceddimensionality as m��

���

, andcall it asaprincipalcom-
ponent vector.

3.3 Clustering

The principal component vectors for all the scenes,
�
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, arethenclusteredusingMCLUST [4],
a model basedclusteringpackage. Using EM algorithm,
MCLUST estimatesthe mixture model of Gaussianproba-
bility distributions(1), eachof whichcorrespondsto a clus-
ter.
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1In theexperimentof simulated roadcrossing, which will bediscussed,
we tested both of the 15 dimensional feature vector and 35 dimensional
feature vectorwhich containsall of the third ordermoments.The results
werenot very muchdifferent.



where
u

s

is theprior probability for m to becontainedby the
�

-th cluster, � is the total number of clusters,and � is the
lengthof thefeaturevector.

We useMCLUST for two reasons:

� MCLUST selectsthebestmodel2 anddeterminesthe
most appropriate number of clusterson the basisof
BIC, BayesianInformationCriterion.

� We canusetheestimatedprobabilistic modelfor nov-
elty detectionin the recognition phase,which will be
explainedshortly.

4 RecognitionPhase

In therecognition phase,for a newly observed scene,(1) its
15 dimensional featurevector, g$�

���

, is computed andnor-
malized, and then (2) is projected onto the subspace ob-
tainedby PCA. This givesus theprincipal componentvec-
tor, m��

���

, to beusedin (3) novelty detectionand(4) classi�-
cation. (5) Temporal smoothing will thenbeappliedto the
detection andclassi�cationresults.

4.1 Novelty Detection

Our novelty detection makes full use of the probabilistic
model basedclusteringmethod, andis basedon thefollow-
ing lemma[9].

Lemma 1 Givena � dimensional random vector m from a
Gaussiandistribution with mean

w

and covariance
p

, the
probability that m satis�estheinequality (2) is
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Thesetof m 's which satis�esthe inequality(2) is calledas
the
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� certaintyellipsoid.
Sincewehaveestimatedamixtureof Gaussianprobabil-

ity distribution usingMCLUST in clustering,we cancom-
putethecertaintyellipsoidfor eachcluster. Given m��

���

, the
feature vectorof a sceneat time

�

, we checkfor eachof the
clusterswhetherm��

���

is containedin its certaintyellipsoid
using(2). If m��

���

is not contained in any of the ellipsoids,
thesceneis determinedasnovel.

2MCLUST providesvariousmodelsaccordingto thevolume,theshape,
andthe orientation of the density contoursfor each cluster. They canbe
allowedto varybetweenclusters,or constrainedto bethesamefor all clus-
ters.

4.2 Classi�cation

IF a scenewith a feature vector m��

���

hasnot beendetected
asnovel, it is classi�edby �nding theclusterto which it be-
longs.Thecluster,

���

, is theonewhich maximizesn
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'�� . This canbecomputedusingthenext for-
muladerivedfrom Eq.(1) andBayes's theorem.
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4.3 Temporal Smoothing

We have treatedeachsceneindependently sofar in cluster-
ing andclassi�cation,withoutconsidering its temporal con-
tinuity. As a simplemethodto enforce temporal continuity,
we compute,astheclusterID of a sceneat time

�

, theID of
theclusterwhich appears mostfrequentlyin thewindow of
scenesbetweentime

�

N�� and
�

Z�� .
The temporal smoothing is appliedto novelty detection

aswell. We usethe majority of the outputs (i.e. novel or
not) for thescenesin thewindow.

5 Experiment

In order to show the validity of our method, threeexperi-
mentshavebeencarriedoutwith thefollowing settings.

� In PCA, only the major principal componentsare re-
tainedsuchthat thesumof their contribution ratesex-
ceeds�9&�� .

� ��!

� certaintyellipsoids( �




&#" &

! ) areusedfor nov-
elty detection3.

� In temporal smoothing, we set �




! .

5.1 Simulated RoadCrossing

In this example,we simulateda roadcrossing. SeeFig. 1.
Themotionpatternsof thepeoplewhowalk acrosstheroads
were learnedand thenclassi�ed. Thereare4 crosswalks,
two of themarein thevertical direction, andtwo in thehori-
zontaldirection. In accordancewith thetraf�c signalswhich
changein every50thscene,pedestrianscrosstheroadsin ei-
therof thetwo directions.

Learning Phase

We used1000scenesfor learning. The number of objects
(people) persceneis 8 at theminimum, and44 at themax-
imum. In PCA, the �rst 3 principal componentswerere-
tained(i.e. �


�$

). Fig. 2 shows theclusteringresultup to
3Generally speaking, novel scenesaremorereliably detectedaswe in-

crease % , but moredetection errorsaremadeasto usualscenes.



Figure1: Exp.1: Simulatedroadcrossing

scene300. There are4 clusters.In the�gur e,we show in a
xy graphhow theclusterID (i.e. theclassi�cation)changes
asthescene(i.e. thetime)changes.Shown is thegraphafter
thetemporal smoothing hasbeenapplied.

Sincethe traf�c signalschange with the period of 50
scenes,wecantell from Fig. 2 thatcluster#2,for thescenes
in the middle of intervals 0-49, 100-149, 200-249, corre-
sponds to the steadystatewherepeoplearewalking in the
vertical direction. Similarly, cluster#4,for thescenesin the
middle of intervals50-99,150-199,250-299, correspondsto
thesteadystatewherepeople arewalking in thehorizontal
direction.

The rest of the clusterscorrespondto transientstates.
Cluster #1 corresponds to the statewhen pedestrians are
beginning/�nishing to crossin eitherof the two directions.
Cluster#3 correspondsto thestatewhenall of thepedestri-
ansarestandingstill, i.e. pedestriansin the vertical (hori-
zontal) direction have �nished crossing, andpedestriansin
thehorizontal (vertical) directionarewaiting for thesignal
to change.
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Figure2: Exp.1: Clusteringresult

Recognition Phase

300scenesareprovided for the recognition phase.We set
up so that a still objectsuddenly appears in the centerand
all pedestriansgather around the object in scenes110-160.
SeeFig. 3.

Figure3: Exp.1: Scenewith anovel pattern
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Figure4: Exp.1: Novelty detection

Fig. 4 shows theresultof thenovelty detection. Scenes
113-167aredetectedasnovel, becausethemotionpatterns
in thesescenesare not contained in the learnedscenes.
Fig. 5 shows theclassi�cationresult.We canseetheclassi-
�cation in the�gure is approximatelyequalto that in Fig.2
except for thenovel scenes.

5.2 RoadCrossing

In thesecondexample,weused3 min. 20sec.longobserva-
tion dataatarealroadcrossing(Fig. 6). In orderto improve
thecomputationalef�ciency andto increasetheaccuracy of
positionandvelocity data,10 consecutive frames(1/3 sec-
ond)arecombinedtoascene,for whichtheaverageposition
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Figure5: Exp.1: Classi�cation



Figure6: Exp.2: Sceneof a realroadcrossing
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Figure7: Exp.2: ClusteringResultandChangesnoticedby
humansubjects

andvelocityarecomputedandused.Thenumberof theob-
jects(vehicles andpeople) per sceneis 4 at the minimum,
and25at themaximum.

Learning Phase

We used450 scenesin the preceding 2.5 minutesfor the
learning phase. The �rst 5 principal componentswerere-
tainedin PCA ( �




! ). TheBrokenlinesin Fig. 7 show the
clusteringresult.Thereare5 clusters4.

Changesnoticedby Human subjects

In order to evaluatethe clusteringresult of the proposed
method, a comparisonwasmadewith thatby 9 humansub-
jects.Sinceit is dif�cult for humans to classifyscenes,they
areaskedto tell uswhenthesituationchanges.Thesubjects
weretold beforehandthatthesituationchangecanbeeither
(1) achangeof thetraf�c signals,or (2) acongestionandits
dissolutionin thelanes,or (3) others.

Solid lines in Fig. 7 show when the situationchanges
according to thehumansubjects.Amongthescenechanges
noticedby any of thesubjects,only thechangeswhich are
closewithin

�

� scenesand werenoticedby more than3
4Cluster #4 disappears from the�gure becauseof thetemporal smooth-

ing.

people werecollected.Then,for eachcollection(i.e. each
situationchange), its average scenenumber wascomputed
and usedas the result. As explained, broken lines in the
same�gure aretheclusteringresultof ourmethod.

In orderto evaluateourmethod quantitatively, thepreci-
sionandtherecall of themethodwerecomputed,assuming
thatthechangesnoticedby thehumansubjectsaretrue(cor-
rect).
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where

TP TruePositive. Total changesfoundbothby thesubjects
andby our method. Small differencesin time arene-
glected5.

FP FalsePositive. Total changesnot foundby subjects,but
by ourmethod.

FN FalseNegative. Total changesfound by the subjects,
but notby ourmethod.

Theprecisionandtherecallof our methodwere
?��

"

$

� ,
and

?

&$&�� , respectively. Thelow precisioncanbeexplained
like this. While changesfrom cluster#1 to #5, andthose
from #5 to #1 correspond to traf�c signalchangesandare
considered to be important by the subjects,changesfrom
cluster #3 to #1, and thosefrom #5 to #2 do not corre-
spondto signalchangesandarenot considered important 6

. Considering thehigh recall,our method is goodat �nding
changesimportant for thesubjects.In summary, thecluster-
ing resultis consideredto beredundantandthoroughfor the
humansin this experiment.

Recognition Phase

150scenesin thelast50seconds werepassedto thenovelty
detection, andscenesfrom 55 to 66 weredetectedasnovel
(Fig. 8). In thedetectedscenes,only oneof thetwo vertical
lanesis crowded,andin the opposite lane,vehicleswithin
theoval areresting(Fig. 9). Sceneswith sucha patternare
notcontainedin thelearning data.

5Themaximaldifferencein time was10 scenes,andtheaveragediffer-
encewas8 scenes (2.7sec.).

6In bothcluster#3and#1,many of theobjectsaremoving vertically. In
bothcluster #5and#2,many of theobjectsaremoving horizontally. While
thereareasmany objects in the right lane asin the left lanein cluster #3,
therearemoreobjects in theright lanein cluster#1. While thereareobjects
in thenearroadaswell asin thefar roadin cluster #5,thereareobjectsonly
in thenearroadin cluster #2.
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Figure8: Exp.2: Novelty Detection

Figure9: Exp.2: Scenefoundby thenovelty detection

Tracking Err ors

Asstatedbefore, theproposedmethodassumesthatit is pos-
sibleto detectandtrackall themoving objectsin thescenes.
Here,wetry to assesstheeffects,whentheassumptionis vi-
olatedand

?

&�� of themoving objectsin eachscenearenot
detected/tracked7 . We considerthreecases:(1) noerrorin
thelearning data,and

?

&�� errorin therecognition data,(2)
?

&�� error in the learning data,andno error in therecogni-
tion data,(3)

?

&�� error in thelearningdata,and
?

&�� error
in therecognition data.

Table1 showsthedetectionandclassi�cationerrorrates
for the threecases,assumingthat the detectionsand the
classi�cationsarecorrectwhenthereareno trackingerrors.
Thedetection (classi�cation)errorrateis thepercentage of
thesceneswhichweredetected(classi�ed)differentlywhen
therearetracking errors in either(or both) of the learning
andrecognition phases.Both error rateswerelow, consid-
ering

?

&�� tracking errors. Our method is considered to be
robustto tracking errorsin this experiment.

5.3 Basketball Game

In thethird example,weexperimentedwith 9.5minute long
observationdataof a basketball game(Fig. 10). 15 consec-

7 ����� �
	

success rate of tracking vehicles in occlusion situations has
beenreported [10].

Figure10: Exp.3: Scenefrom a basketball game
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Figure11: Exp.3: ClusteringResultandChangesnoticed
by humansubjects

utive frames(1/2 second)arecombined andaveraged to a
scene.The players weretracked, but the judges, the audi-
ences,andtheball werenot tracked. Therefore, thenumber
of objectsin eachsceneis �x edandis equalto thenumber
of players (10).

Learning Phase

We usedabout650scenesduring 5.5 minuteperiodin the
learningphase.In PCA, the �rst 10 principal components
wereretained( �




?

& ). TheBrokenlinesin Fig. 11 show
theclusteringresult.Thereare5 clusters.

Changesnoticedby Human subjects

Theclusteringresultwasthencomparedwith thatby 9 hu-
man subjects. Since it is dif�cu lt for humansto classify
scenes,they areaskedto tell uswhenthesituationchanges,

Table1: Exp.2: Error ratesfor detectionandclassi�cation
trackingerror recognition error

learning recognition detection classi�cation
none 10% 5.0% 6.4%
10% none 8.6% 7.1%
10% 10% 2.1% 6.4%
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Figure12: Exp.3: Novelty Detection

Figure13: Exp.3: Scenefrom atimeout

wherethesituationchangecanbeeither(1) a change in de-
fenseandoffense,or (2) a suspensionor a resumption be-
causeof fouls, or (3) others.

Solid lines in Fig. 11 show whenthe situationchanges
according to the subjects. As explained earlier, the bro-
kenlinesaretheclusteringresultof ourmethod. Assuming
that thechangesnoticedby thesubjectsaretrue,thepreci-
sionandtherecallof our methodwerecomputed. They are

!��

" ��� , and �$x#" ��� , respectively 8. Sincebothof thepreci-
sionandtherecallarehigh,we consider that theclustering
result of our method is reasonable for the humans in this
experiment.

Recognition Phase

350scenes(2 min. 55. seclong) which hadnot beenused
in the learningphasewerepassedto the novelty detection.
Scenesfrom 85 to 202 were detectedas novel (Fig. 12).
They arethe scenesfor a time out (Fig. 13). Suchscenes
werenot contained in the learning data. Whenwe check
with thevideo tape,thetime out wasfrom scene76 to 217,
andhasagoodcorrespondencewith thedetectionresult.

8For thechangesfoundby both thesubjects andour method, themax-
imal differencein time was6 scenes, and the averagedifferencewas2.7
scenes(1.3sec.).

Tracking Err ors

As in thesecondexperiment,we assesstheeffectsof track-
ing errors. Table2 shows the detectionandclassi�cation
error ratesfor the threecases,assumingthat thedetections
andtheclassi�cationsarecorrect whentherearenotracking
errors. Thedetection errorrateswerelow considering10%
trackingerrors. But theclassi�cationerror rateswerehigh
whenthereareerrors in thelearning data.Whenthenlearn-
ing datahaserrors,theprobability model andthenumberof
clusterscanbecome different 9 , andthis explains why the
errorratesarehigh.Theproposedmethod maynotberobust
in this experiment.

6 Summary and Futur eWork

Wehavepresented amethodto classifyscenesbasedonmo-
tion information.While they useobjecttrajectoriesor opti-
cal �o w �eld asmotion information in previous work, we
usethe instantaneous motions of multiple objects in each
image. In orderto dealwith variable number of objectsin
a scene,we have proposedto usemomentstatisticsasfea-
tures.Theproposedmethod consistsof two phases.In the
learningphase,scenesin thelearning dataareclustered.In
therecognition phase,a newly observedsceneis classi�ed.
In addition, sceneswith novel motionpattersaredetected.
We have carriedout threeexperimentsandshowed the va-
lidity of ourmethod.

As future work, we plan to (1) learnandrecognize the
temporal dynamics of the scenes,and(2) experiment with
observationswith muchlonger period of time.

Table2: Exp.3: Error ratesfor detectionandclassi�cation
trackingerror recognition error

learning recognition detection classi�cation
none 10% 0.0% 4.4%
10% none 13.1% 33.1%
10% 10% 15.1% 32.6%

9Wemanually convertedthecluster IDs for each of the ���

	

errorcases,
sothatwe cancomparethemwith theIDs in theerror freecase.
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