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Abstract

We presentan unsupervisedtechniquefor detectingun-
usualactivity in a large videosetusingmanysimplefea-
tures.Nocomplexactivitymodelsandnosupervisedfeature
selectionsare used.We divide the videointo equal length
segmentsandclassifytheextractedfeaturesinto prototypes,
from which a prototype–segmentco-occurrencematrix is
computed.Motivated by a similar problem in document-
keyword analysis,we seeka correspondencerelationship
betweenprototypesandvideosegmentswhich satis�es the
transitive closure constraint. We show that an important
sub-familyof correspondencefunctionscan be reducedto
co-embeddingprototypesand segmentsto N-D Euclidean
space. Weprovethatanef�cient, globallyoptimalalgorithm
existsfor theco-embeddingproblem.Experimentson vari-
ousreal-lifevideoshavevalidatedour approach.

1. Intr oduction

Imagineyou aregivena long video,possiblythousands
of hoursin duration,depictingevery daysceneslike those
shown in �gure 1.Youareaskedto analyzethevideoto �nd
unusualevents.In surveillanceapplicationsunusualevents
arethosethat shouldbe reportedfor further examinations.
Whatmakesunusualeventshardto detect?Unusualevents
arerare,dif�cult to describe,hardto predictandcanbesub-
tle. However, givena largenumberof observationsit is rel-
atively easyto verify if they areindeedunusual.

1.1. Model-basedapproach

This “hard to describe” but “easyto verify” propertyof
unusualeventssuggestsan intuitive two-stepsolution for
their detection.In the�rst step,oneextractsimagefeatures
from the video, typically achieved by detectingandtrack-
ing moving objects[14]. From tracked objectstrajectory,

(a)Nursinghome (b) Road (c) Pokergame

Figure1: Snapshotsfrom thevideosusedfor experiments.

speed,andpossiblytheshapedescriptorof themoving ob-
jectscanbecomputed[6]. In thesecondsteptheextracted
featuresare usedto develop modelsfor the “normal” ac-
tivities, eitherby handor by applyingsupervisedmachine
learningtechniques[7]. A commonchoiceis to useHidden
Markov Models [1, 9, 10] or other graphicalmodels[11]
which quantizeimagefeaturesinto a setof discretestates
andmodelhow stateschangein time. In orderto detectun-
usualeventsthe video is matchedagainsta setof normal
modelsandsegmentswhichdonot �t themodelsis consid-
eredunusual.

This model-basedapproachcanbequiteeffective in sit-
uationswhere“normal” activity is well-de�ned and con-
strained.However in a typical real-life video, like those
usedin our experiments,thenumberof different“normal”
activity typesobservedcaneasilysurpassthenumberof un-
usualtypes.Hence,de�ning andmodelingwhatis the“nor-
mal” activity in anunconstrainedenvironmentcanbemore
dif�cult thande�ning what is unusual.If thegoal is to de-
tect what unusualeventsin a long video, the model-based
approachis oftenover-kill.

1.2. Unsupervisedapproach

Weproposeamethodto utilize the“hard to describe” but
“easyto verify” propertyof unusualeventswithout build-
ing explicit modelsof normalevents.Onecancompareeach
eventwith all othereventsobservedto determinehow many
similar eventsexist. If an event is normal,thereshouldbe
many similareventsin thislargedataset.If therearenosim-
ilar eventswe considerthis unusual:althoughthe event is



unknown, it is differentfrom theothers.Thus,detectingun-
usualeventsin a large datasetdoesnot requiremodeling
normalevents,but rathertheability to comparetwo events
andmeasuretheirsimilarity.

1.3. Feature selection

How dowe selecttheright featuresetfor eventcompar-
ison?Wemustmakeacompromisebetweentwo contradic-
tory desires.On onehandwe would like featuresto be as
descriptive aspossible:measuringthe kinematicsanddy-
namicsof the object's movementsis very useful for event
comparison.Ontheotherhand,wealsowantfeatureextrac-
tion to beextremelyrobustacrossmany hoursof video.De-
scriptive featuresarehardto extract.Objectdetectionand
trackingoftenfails in anunconstrainedenvironment.Basic
imagefeaturesbasedonspatial/motionhistogramof objects
aresimpleandreliableto compute[2, 5,15]. Theonlydraw-
backof thesemethodsis that the (important)featuresig-
nal might beobscuredby noise.Eventsimilarity computed
naively couldbeoverestimated,makingunusualeventsap-
pearsimilar to commonones.This over-dependenceon the
featuresethasbeena generalweaknessfor mostunsuper-
visedapproaches[13].

Thesituationis vastlyimprovedif wecanextracttheim-
portantfeaturesignal from a large set of simple features.
This problemresemblesthe problemof unusualevent de-
tection itself as importantsignalsare“hard to detect” but
“easyto verify”. In fact,unusualeventdetectionandimpor-
tantfeatureselectionaretwo interlockedproblems.Wepro-
poseacorrespondencefunctionto measuresuchmutualin-
terdependencetherebydetectingunusualeventsandimpor-
tantfeaturessimultaneously. Weshow thatfor animportant
subfamily of correspondencefunctionsanef�cient compu-
tationalsolutionexistsvia co-embedding.

Thepaperis organizedasfollows: in Section2 we show
our video representation.In Section3 and 4 we describe
our algorithmfor unusualeventdetection.In section5 we
presentour experimentalresults,andwe concludeour pa-
perin Section6.

2. VideoRepresentation

Ouroverallgoalis to extractsimpleandreliablefeatures
which aredescriptive, i.e. canbe usedby an unsupervised
algorithmto discovertheimportantimagefeaturesin alarge
videosetin orderto detectunusualevents.

2.1. VideoSegmentation

Givena videoV , we �rst sliceit into N shortsegments:
V = (v1; v2; :::; vN ). Ideally, eachsegmentvj would con-
tainasingleactivity event.For simplicity, weslicethevideo

into �x ed time duration(4 seconds)with overlappingtime
window. Thesegmentationis notperfect,but thevideoseg-
mentstypically containenoughinformationfor determining
the activity type,e.g.in the nursinghomevideo, in 4 sec-
ondspeoplecantake a few stepsor pick upanobject.

2.2. Image features

For each image frame in the video we extract ob-
jects of interest, typically moving objects.We make no
attemptto track objects.The motion information is com-
puted directly via spatiotemporal�ltering of the im-
ageframes:I t (x; y; t) = I (x; y; t) � Gt � Gx;y , where

Gt = te� ( t
� t

)2

is the temporalGaussianderivative �l-

terandGx;y = e� (( x
� x

)2 +( y
� y

)2 ) is thespatialsmoothing�l-
ter. This convolution is linearly separablein spaceandtime
andis fastto compute.To detectmovingobjects,wethresh-
old themagnitudeof themotion�lter outputto obtaina bi-
narymoving objectmap:M (x; y; t) = jj I t (x; y; t)jj2 > a.
Theprocessis demonstratedin �gure 2(a)-(b).

(a) (b) (c)

Figure2: Featureextractionfrom videoframes.(a)original
video framefrom thecardgamesequence.(b) binary map
of objects(c) spatialhistogramof (b).

The image feature we use is the spatial histogram
of the detectedobjects.Let H t (i; j ) be an m � m spa-
tial histogram,with m typically equal to 10. H t (i; j ) =P

x;y M (x; y; t) � � (bx
i � x < bx

i +1 ) � � (by
j � y < by

j +1 ),
wherebx

i ; by
j (i; j = 1 : : : m) aretheboundariesof thespa-

tial bins. The spatialhistograms,shown in 2(c), indicate
theroughareaof objectmovement.Similarly, we cancom-
pute a motion and color/texture histogram for the de-
tectedobjectusingthe spatiotemporal�lter output.As we
will see,thesesimplespatialhistogramsaresuf�cient to de-
tectmany complex activities.

2.3. Prototype features

The featurespaceof m � m motion histogramsis still
too large.To detectpotentiallyimportantfeaturesignalswe
apply vectorquantizationto the histogramfeaturevectors
classifyingtheminto a dictionaryof K prototypefeatures,
P = f p1; : : : ; pK g usingK-means(�gure 3).

Note that usingthis discretequantization,it is possible
thattwo imageframeswith similarfeatureswill havediffer-



Figure3: Createprototypesfrom setof features

ent prototypelabels.In this case,the two prototypesmust
also be similar. This problemis resolved, as we will see
later, by keepingtrackof similarity amongtheprototypes.

2.4. Video–prototype co-occurrence

A videosegmentvj canberepresentedby theoccurrence
of prototypefeaturesin thatvideosegment.Wede�ne aco-
occurrencematrixC 2 RK � N betweenthevideosegments
andprototypefeaturesin the following way: C(i; j ) = 1
if f segmentvj containsandimageframewhoseimagefea-
ture is classi�ed asprototypepi . Figure4 shows anexam-
ple for the roadway sequence.C containsall necessaryin-
formation aboutwhat happenedin the video. Eachrow i
of C revealswhich videosegmenta prototypepi occurred
in, andeachcolumnj of C indicateswhich prototypefea-
turesoccurredin thevideosegmentvj .

Figure 4: (left) Video-prototypeco-occurrencematrix C
containsall necessaryvideo information.(right) Reorgani-
zationof rowsandcolumnsof C revealstheunderlyingcor-
respondencebetweenthevideosegmentsandprototypefea-
tures,makingit easyto�nd bothunusualeventsandimpor-
tantfeatures.

3. Algorithm

If wethink of thevideosegmentsasdocuments,andpro-
totypefeaturesaskeywordswe observe that similar prob-
lemsarisein the context of document-keyword clustering
[8, 4]. To illustratethealgorithmwe propose,considerthe
following example.We took 20 departmentalemailsand6
researchemailsbetweenthe authorsasour documentset,
and words which occuredmore then once(acrossthe 26
emails)asour keywordset.In theexamplewe wantto �nd
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Figure5: (a) Email-word co-occurrencematrix. (b) A reor-
ganizedversionof (a), wheredistinctive keywordsrelated
to researchemailsare quoted.(c) Word occurrencecount
for correspondingwordsin (b). (d)-(f) inferredemail-email
similarity matrices:(d) idealcase,(e)without featureselec-
tion, (f) with featureselection.

theclusterof thedocuments(suchasthe6 emails)basedon
the co-occurrence(�gure 5(a)) information. In the analo-
gousvideosettingweseektheclustersof similarvideoseg-
ments.In �gure 5(b) we show that thereis an optimal re-
orderingof thekeywordsanddocuments(reshuf�ing rows
andcolumnsof C) suchthat the clusteringof documents
and keywordscan be readily inferred from the reshuf�ed
versionof co-occurrancematrix.We canseethatthetop20
wordssuchas“sequence”or “de�ne” areexclusively corre-
latedwith the�rst 6 emails,which aretheresearchemails.
To spot the 6 researchemails,it is suf�cient to checkfor
these20keywords,whichdonotoccurin otheremails.Ex-
amining the restof matrix C, we seethat majority of the
wordsdo not have exclusive correlationwith any particu-
lar groupof emails.Theseincludewordssuchas“will” or
“if”, whichoccurwith almosteveryemail,andwords“data”
and“people”,whichoccurrandomly.

To clusterdocumentsit is importantto determinethein-
formativekeywords,whichmight beonly a smallsubsetof
thetotalkeywords.Suchfeatureselectionis vital in cluster-
ing thevideosegmentsaswell.



3.1. How to extract document clusters from co-
occurrancematrix C?

To contrastour algorithm let us compareit with La-
tent SemanticIndexing (LSI, [3]), a commonlyusedap-
proach in Natural Language Processing. LSI works
in two steps. First it computesthe singular value de-
composition of the document–keyword co-occurrance
matrix: CK � N = UK � c� c� cV T

c� N . The singular vec-
tors V de�nes a new feature space where documents
can be clusteredusing similarity de�ned by V V T . Sim-
ilarly, the keywords can be clusteredusing UUT . Note
that the SVD of C is equivalent to the eigendecomposi-
tion CT C = V � 2V T . Thereforethe clusteringinforma-
tion usedis containedin CT C. Expandingout the terms,
we see that (CT C)( i; j ) =

P K
k=1 C(k; i )C(k; j ) de-

�nes a document–documentsimilarity measureby count-
ing thenumberof keywordsoccuringin bothdocumentsi
andj . As wehaveseenin theemailexampleusingthecom-
pletesetof keywordsasabasisfor similarity measure(5(e))
canobscurethetruesimilarity (5(d))providedby theinfor-
mativekeywords.

A remedy to this problem is to try to identify non-
informative keywords,e.g computingthe keyword occur-
rancefrequency count.This is insuf�cient. As we cansee
in �gure 5(c) thenon-informative keywordscanhave both
high frequency (common keywords) and low frequency
(randomkeywords).

3.2. Bipartite graph coclustering

Clusteringbasedon similarity informationin CT C can
be thoughof asthe following bipartitegraphcoclustering.
This concepthasbeenexploredin the document–keyword
analysisby Dhillon [4] and in bioinformaticsby Kluger
et al. [8]. The documentand keywords representthe two
setsof nodesin the bipartite graph,and the co-occurring
documentsand keywords are connectedby graphedges.

Thegraphhasanedgeweightmatrix
�

0 C
CT 0

�
. These

methodsare basedon �nding the normalizedcut in this
graph.Intuitively, this is theright thingto do,wewantto se-
lect a setof keyword for groupinga particularsetof docu-
ments.Furthermore,thisgroupinggivesthecorrespondence
betweentheinformativekeywordsandrelevantdocuments.
However, graphcutsonbipartitegraphsamountsto separate
clusteringondocumentsandonkeywords,givenby thefact

that
�

0 C
CT 0

�
and

�
CCT 0

0 CT C

�
have the same

eigenvectors.Thus,�nding theoptimalpartitionon thebi-
partite graphcontradictsthe conceptsof coclusteringand
simply resultsin clusteringthedocumentson the informa-
tion givenby CT C.

3.3. Document–keyword correspondence

Our goal is to clusterdocumentsby identifying exclu-
sivecorrelationsbetweenkeywordsanddocuments.Wecan
think of this problemasgraphediting. Edgesincidenton
commonandrandomkeywordsmustberemoved,otherwise
the entiregraphwould be denselyconnected.Edgesinci-
denton informative keywordsshouldbe preserved,other-
wisethegraphwould besparselyconnected.A bruteforce
strategy would be to searchthroughall possibleaddition
and deletionof edgessuchthat the resultinggraphparti-
tioning is neithertoocoarsenor too �ne.

To make this task precise we de�ne a correspon-
dencefunction CP(pi ; vj ) 2 [0; 1] betweena prototype
feature pi and video segment vj with following prop-
erties: CP(pi ; vj ) should be consistent through tran-
sitivity, i.e. CP(pi ; vj ) should be high if there is a
chain of correspondenceslinking them indirectly. We
can express this consistency constraint using the no-
tion of transitive closure. To allow continuousvaluesin
CP(pi ; vj ), we introduce� -transiti ve-closure: 8i 1 ;i 2 ;j 1 ;j 2

and 8� 2 [0;1] [CP(pi 1 ; vj 1 ); CP(pi 1 ; vj 2 ); CP(pi 2 ; vj 1 ) >
1 � � ] ) [CP(pi 2 ; vj 2 ) > 1 � �� ]. Transitive closureas-
suresthatno randomor commonfeaturesarein any corre-
spondencerelationship.

In addition, CP(pi ; vj ) should be close to the co-
occurrenceC(pi ; vj ), i.e. the graph editing should be
minimal.We maximize

EC (CP) =
X

pi 2 P ;v j 2 V

C(pi ; vj )CP(pi ; vj ) (1)

undercertainconstraintsthatpreventthetrivial solution.

3.4. Correspondencevia co-embeddingprototypes
and videosegments

Computing a correspondencerelationship satisfying
transitive-closureis in generala dif�cult problem.There-
fore we restrict our searchto an importantsub-family of
functionsof CP(pi ; vj ), for which we cancomputeit ef-
�ciently . Let x : V [ P ! RN denotetheco-embedding
of the prototypesand video segments. The correspon-
dencefunction CE(pi ; vj ) = 1 � (x(pi ) � x(vj ))2 sat-
is�es � -transitive closurewith � = 9. By restrictingour
searchfor correspondenceto CE, we canrewrite theopti-
mizationproblemin (1):

maxEC (CE) =
P

pi ;v j
C(pi ; vj )CE(pi ; vj ),

min E
0

C (x) =
P

p i ;v j
C (pi ;v j )( x (pi ) � x (v j )) 2

� 2
x

; (2)

where� 2
x is thestandarddeviation of vectorx (it removes

an arbitraryscalingfactor in the embeddingandalsopre-
ventsthetrivial solutionof x = 0).



The co-embeddingoptimizationproblemin (2) can be
visualizedas�nding a placement(embedding)vectorx for
eachprototypeand video segment in a low dimensional
space.We can imaginethe co-occurrencerelationshipsas
springsthat pull together(or apart)prototypesand video
segments,the nodesof �gure 6(a), resulting in the co-
occurringelementsbeingmaximallyaligned, asshown in
�gure 6(b).Maximal alignmentin this casemeansthatcor-
respondingnodesareplacedcloseto eachother(onx axis).
In order to arrangethe prototypesin the N -D space,we
needto know thepositionof thevideosegments,andvice
versa.Notethatthechicken–eggnatureof ourunusualevent
detectionis inherentin boththecorrespondenceandtheem-
beddingproblem.Luckily, we canbreakthis chicken-egg
deadlockin anoptimalandcomputationallyef�cient way.
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Figure6: Co-embeddingof email-word example.The top
row representsemails,thebottomwords,theedgesarethe
co-occurrencebetweenthem. (a) randomembedding,(b)
optimal co-embeddingusingour method.The springspull
correspondingelementsin alignment.

To compute the optimal co-embedding,we de�ne a
weightedgraphG = (V; E). We take prototypesandvideo
segmentsasnodes,V = f v1; :::; vN g [ f p1; :::; pK g. The
edgesof thisgraphconsistof edgesbetweenprototypesand
video segmentswhich representthe co-occuringrelation-
ship (C), and edgesbetweenthe prototypenodes,which
representthe similarity Sp 2 RK � K betweenthe proto-
types:E = f (pi ; vj )jC(i; j ) 6= 0g [ f (pi ; pj )g. The edge
weightmatrix is de�ned as:

W =
�

I CT

C � Sp

�
2 RjV j�jV j (3)

where� is a weightingfactor. When� = 0, minimization
of (2) is equivalentto minimizationof

EW (x) =

P
( i;j )2E W (i; j )(x(i ) � x(j ))2

� 2
x

(4)

Expandingthenumeratorof (4) we get2xT (D � W )x,
whereD 2 RjV j�jV j is a diagonalmatrix with D(i; i ) =P

j W (i; j ). Usingthefactthat

� 2
x =

X

i 2V

x2(i )P(i ) � (
X

i 2V

x(i )P(i ))2 (5)

whereP(i ) is anestimateof theprior occurrencelikelihood
of eachprototypeor videosegment,whichcanbeestimated
by their occurrancefrequency: P(i ) = 1


 D(i; i ), with 
 =
D1. Centeringtheembeddingaroundzero(i.e.xT D1 = 0),
weget� 2

x = 1

 xT Dx.

Puttingall thesetogether, we canrewrite (4) as

EW (x) = 2

xT (D � W )x

xT Dx
(6)

Theglobalenergy minimumof this functionis achievedby
theeigenvectorcorrespondingto thesecondsmallesteigen-
valueof

(D � W )x = �D x (7)

Note that the �rst N elementsof vectorx containthe co-
ordinatesof thevideosegmentnodes,andthenext K ele-
mentscontainthecoordinatesof theprototypefeatures.In-
cidentally, this is the sameeigenvectorusedin a different
context of imagesegmentation(NormalizedCuts,[12]).

3.5. Importance of prototype–prototype similarity

When� 6= 0, theSp matrix givesusadditionalcueson
how theprototypesarerelatedto eachother, therebyprovid-
ing informationonhow thevideosegmentsshouldbeclus-
tered.In theemailexample,weusedtheword-lengthascue
for keywordsimilarity andwith thiscueweareableto pick
up the right clusteringof the emails(�gure 5(f)). Further-
more,theSp alsohelpsto alleviate thesensitivity to over-
clusteringof featuresinto prototypes,by strengtheningthe
correspondencebetweenthe segmentswhich have similar
but notnecessarilyidenticalprototypes.

3.6. Unusualevent detectionalgorithm

Unusualeventsarethe video segmentsthat have corre-
spondencesto distinctiveimportantfeatures,andviceversa.
Usingtheco-embeddingcoordinatex computedin (7), we
de�ne inferred similarity amongthe video segmentsvi ; vj

as:Sx (vi ; vj ) = e�jj x (v i ) � x (v j ) jj 2 , asseenin �gure 5(f). In
theco-embeddingspace,detectingunusualvideosegments
is doneby �nding spatiallyisolatedclusters.We choosethe
following simplesolutionfor this:

� We applyK-meansalgorithmon theembeddingcoor-
dinatesx to clustervideo segmentsinto disjoint sets
f VC1; : : : ; V Ccg,

� and we compute inter-cluster similarity on
SV C (V Ci ; V Cj ) =

P
v i 2 V C i ;v j 2 V C j

Sx (vi ; vj ).

� The clustersV Ck , with small total inter-clustersimi-
larity value,

P
i SV C (V Ci ; VCk ) < � , areconsidered

asunusualevents.



4. Algorithm summary

Theoutlineof our algorithmis thefollowing:
� for eachframet, detectmoving objectandextractmo-
tion andcolor/texturehistogram:H t 2 Rm � m .
� quantizeevery histogramH t into K prototypes:P =
f p1; : : : ; pK g
� slice the video into T secondlong segments:V =
f v1; : : : ; vN g
� computethe co-occurrencematrix C(i; j ) 2 RK � N

betweeneachprototypefeaturepi andvideosegmentvj

� compute pairwise similarity between all proto-
types using chi-square difference: Sp(pi ; pj ) =
� 2(H (pi ); H (pj ))
� constructgraphG = (V; E) with associatedweightma-

trix W =
�

I N � N CT

C � Sp

�
2 R(N + K ) � (N + K ) .

� solve for the smallesteigenvectorsof (D � W )x =
�D x, the �rst N rows of theeigenvectorsarethecoor-
dinatesfor vj s in theembeddingspace,andthe follow-
ing K rowsarethecoordinatesfor pi s in theembedding
space.
� in theco-embeddingspacecomputethe inferredsimi-
larity. Identify isolatedclustersof vj sasunusualevents.

4.1. Computational running time

Theobjectdetectionis doneby a spatiotemporalsepara-
bleconvolution(section2).Hencethecostis: O(n f r �npix ),
wherenf r , npix arethenumberof framesin thevideo,the
numberof pixelsin animageframe.Thecomplexity of the
K-meansalgorithmis O(nf r � K � m2), whereK , m, i k are
respectively thenumberof prototypevectors,thesizeof the
histograms(m � m) and the numberof iterations.Build-
ing the co-occurranceandthe similarity matrix hasa cost
of O(nf r + d � K 2). Finally �nding the secondeigenvec-
tor of asymmetricalsparsen � n matrix takesO(n

3
2 ) time,

wheren = N + K . For example,therunningtimesfor the
20 hoursroadvideoare:8 hours40 minutes(objectdetec-
tion), 1 hours36 minutes(K-means)and3 seconds(eigen-
solver)ona PentiumIV 2.4GHz.

5. Experiments

In orderto demonstratethealgorithmwe conductedthe
following testson varioustest data.Table1 givesa short
summaryof thedifferenttests.In thefollowing experiments
for vectorquantizationwe usedK = 500 prototypes,for
segmentlengthT = 4s and� is de�ned as1=M whereM
is thebiggestvaluein Sp.

The �rst testsetis a video shot in a dinning room of a
hospital.After removing themotionlessframes,westill had
169880frames.We testedour embeddingalgorithmto see

Title Duration Typeof test

Road 19h50min surveillance
Pokergame 30min cheatingdetection

Hospital 12h patientmonitoring
Webcam 3h analyzingthecrowd

Table1: Thetestvideosusedin our experiments

if it providesagoodseparationbetweendifferentevents.We
observedthat theunusualactivities areembeddedfar from
theusualones,ascanbeseenin �gure 7.

To quantify the “goodness”of the embeddingprovided
in our previous experimentwe usedanothervideo from a
surveillancecameraoverlookingaroadadjacentto afenced
facility. We have testedour systemon a continuousvideo
from 16:32pmtill 12:22pmthe next day, containingboth
day time and night time videos(in total 1063802 image
frames).We appliedour embeddingalgorithmandclassi-
�ed theembeddedsegmentsinto two groups,i.e. usualand
unusual.To measurethe performancewe hand-labeledall
the sequences(which containedmotion) if they were un-
usualor not andcomparedour resultsto the groundtruth.
Thepromisingresultsof this experimentareshown in �g-
ure8. Though,this surveillancesequenceis somewhatlim-
ited in thetypeof actionsit contains(particularlyit hasjust
23unusualsequences),wewould like to pointout thateven
without motion features,i.e. only with spatialhistograms,
we wereableto detecteventssuchascarsmakingU-turns,
backingoff, andpeoplewalking onandoff theroad.

Next experimentwasaimedto measuretheperformance
in a morecomplex setting:we recordeda 30 minuteslong
pokergamesequence,wheretwo playerswereaskedto cre-
atively cheat.The video contains17902 frames,and ev-
ery 4 secondhand-labelledwith oneof the 27 activity la-
bels.Thereis a wide varietyof naturalactions,in addition
to playingcardsandcheating,playersweredrinking water,
talking, handgesturing,scratching.Many of the cheatings
areamongdetectedunusualevents.To demonstratewe can
detectaspeci�c cheatingtype,we�nd thoseunusualevents
correspondingto a prototypefeaturechosenby us.There-
sultsof detectingtwo cheatingtypesareshown in �gure 9.

To show that the algorithm can be used for cat-
egorizing usual events as well we took 3 hours
long video from Berkeley Sproul Plaza webcam
(http://www.berkeley.edu/webcams/sproul.html), which
contained28208 frames.The embeddingof video seg-
ments,and event category representatives are shown in
�gure 10 (left). Theautomaticcategorizationof eventspo-
tentially can allow us to develop a statistical model of
activities, in anunsupervisedfashion.
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Figure7: Fourunusualactivitiesbeingdiscovered,correspondingto four remoteclustersin theembeddingspace:A: apatent
eatingaloneat theneartable,B: a manonwheelchairslowing goesin andoutof theroomwhile everyoneelseis eating,C:
apatientshaking,D: a nursefeedinga patientone-on-onewith noonearound.E: the2-D embeddingof thevideosegments.
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Figure8: Resultsfor 20 hourslong roadsurveillancevideo.Usualeventsconsistof carsmoving alongtheroad.Corr ectly
detectedunusualeventsinclude:(A) carspulling off the road,(B) carsstoppingandbackingup, (C) car makingU-turns,
andpeoplewalking on the road.Undetectedunusualeventsinclude: (D) carsstoppingon the far end,due to coarseness
of spatialfeature.False-positivesincludemainly birds �ying by, anddirectsunlightinto camera(E). thePrecision-Recall
curve of theresultsis shown in (F). Thestarindicatestheoperatingconditionachieving theprecision/falsepositive andthe
precision/recalltrade-off shown in (A)-(E).
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Figure9: “Elbo w” cheatingdetection. A1,B1,C1:examplesof detectedcheatings,“nearplayer” reachesto his left elbow
to hidea card.D1: non-detectedcheating,“nearplayer” reachingto his elbow but doesn't hideanything;E1: falsepositives,
the “near player” makesdifferentmovementwith his hand.“Under” cheating detection. A2,B2,C2:exampleof detected
events,two playersexchangecardsunderthetable;D2: non-detectedcheatings,theexchangeis mostlyoccluded.E2: false
positives- the nearplayeris drinking, dueto cameraanglehis handis in similar position.F1, F2: ROC curvesof the two
events:Theredstarsindicatetheoperatingconditionfor resultsshown here.
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Figure10: (left) The embeddingof the webcamvideo show videosarebestorganizedby two independentevent typesin
the scene.The horizontalaxis (A-D) representscrowd movementsalongthe building: many peoplewalking (A), andfew
or no peoplewalking (D). In theverticalaxis(B-F) eventsof walking in/out of SproulHall aredetected,andareorganized
accordingto which orientationpeopleentered/left:(B) alongthebottomof imageframe;(F) diagonallyfrom the lower left
corner. (E) and(C) arecompoundevents:(E) is combinationof event(F) and(D), (C) is combinationof (B) and(D). (right)
Giventheclassi�cationof thevideointo distinctevents,a transitionmodelis estimated.

6. Conclusion

We have developedan unsupervisedtechniquefor de-
tectingunusualeventsin a largevideoset.Thismethodcan
utilize extremely simple featuresby automaticallyselect-
ing theimportantfeaturesignal.Thecomputationalsolution
is ef�cient andstable.We have conductedlargescaletests
with groundtruth comparisonon a variety of sequences,
processingovera million of videoframes.
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