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Abstract

We proposea methodfor discovery of compositeevents
in videos.Thealgorithmprocesses setof primitive events
sud as simple spatial relations betweenobjectsobtained
froma tradking systermand outputsfrequentevert patterns
which canbeinterpretedas frequentcompositesvents. e
usethe APRIORI algorithm from the eld of data mining
for efcient detectionof frequentpatterns. We adapt this
algorithmto handletempoal uncertaintyin the datawith-
out losingits computationakefectivenesslt is formulated
as a genericframavork in which the context knowkdg is
clearly sepaated from the methodin form of a similarity
measue for comparisorbetweenwo videoactivitiesanda
library of primitive eventsservingas a basisfor the com-
positeevents.

1 Intr oduction

Theproblemof videoevent recognitionhasbeenstudied
extensvely ([7]). In mostof the approachesxplicit mod-
els of eventsareusedwhich areeithercreatedmnanuallyor
learnedfrom labelleddaa. In this work we focuson the
problemof detectingfrequentcomples activities withouta
model.

In this work an event is a spatio-temporaproperty of
anobjectin atime internval or a changeof sucha property
([12]). An exampleof aneventat a parkinglot is 'vehicle
ontheroad' (see g. 1(a)).For therecogniion of eventsan
algorithmwaspresentedh [12] asacomponenbf asystem
for video eventrecognitioncalledVSIP ([2]). The events
areformally de ned in aneventde<riptionlanguagevhich
allows usto de ne complex eventsin termsof simplerones
andin this way to build a hierarchicalstructuresof events.
For instance,in a parkinglot a comple eventis a'parking
manoeuvrewhich consistf 'a vehicleontheroad', 'a ve-
hicle on the parkingroad', 'vehiclein a parkingplace'and
'personcomingout from the vehicle'. The simplestevents
at the bottom of this descriptionare referred as primitive
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while the complex onesare called conposite. In orderto
provide acompletedescriptionof adoman anextensve li-

brary of eventsis neededcontining a formal description
for ead possiblebehavior. To simplify the library andde-
creasethe deployment efforts we retainin this library only
the mostsimpleandgeneraleventswhich arethe primitive
ones. Theseare simple spatialrelationslike ‘object in a
zone' or 'object nearanotherobject’. The frequentcom-
positeeventsarededucedn anautomaticway from the set
of all detectedprimitive events.

Forthispurposeve adapthedatamining APRIORI algo-
rithm ([1]) which usesthe socalled APRIORI property:the
subpattern®f frequentpaternsare also frequent. There-
fore, startingwith short patternswe countthe occurrence
only of thosepatternswhosesubpatternsvere marked as
frequentin a previous step. In this way the searchspaceis
reduced.A pseudacodecanbefoundin Algorithm (1). In
line 3 all pairsof patternsof lengthi 1 from the previ-
ousiterationwhich have exactlyi 2 mutualelementsare
meigedinto patternsof lengthi. In the next step equalpat-
ternsarecombinedn classesFinally, only the classesvith
asizegreaterthanagivensizethresholdsy, areretained.

Algorithm 1 APRIORI(S;|; St )

INPUT: A setof statesS = fs;:::s,0.

OuTpPUT: All I-pattern classesC(") with size s(C()
greatetthanaprede nedsizesy, .

1: natural i 2;
2: pattern setP; v
3 Kj 1 ffsig:::fshgg
4: whilei 1do
5 P CREATENEXTLENGTHPATTERNS(K 1;i)
6 K, COMBINEPATTERNSINTOCLASSES(P;)
7. Kj RETA|NFREQUENTPATTERNS(Ki;sm)
8 i i+1
9: endwhile
returnk

Thedif culties of adirectapplicationof theabove algo-
rithm in the domainof video eventanalysisarisefrom the



uncertaintyof the data: thereareno equalbut only similar
occurrence®f the samebehaior type. Preciselywe have
to answertwo questions:

(i) How do we measurehe numberof occurrence®f an
actwity (its frequeng) ard how thefrequeng of asub-
actiity is relatedto the frequeny of anactuvity (line
5)?

(i) How do we decide which patternsof eventsrepresent
thesameeventtype (line 4)?

The answerto thesequestionsdependson the way we
compareavent patterns.Therefore a similarity measurds
necessaryhichevaluatego whichextendtwo patternsep-
resenthe sameactiity. Usingthis similarity asa basiswe
cananswerin a domain-independenway the above ques-
tions. In particular the numberof occurreresof a beha-
ior andthusimplicitly its frequengy canbede ned in asoft
mannertaking into accountthe similarity asshown in sec-
tion 3. Additionally, the APRIORI propertydoesnot hold
in caseof similarity becausesubpdternsof patternscanbe
lesssimilarthanthepatternghemseles. Thereforewe for-
mulatein section6 a WEAK-APRIORI propertywhich de-
creaseshefrequeng thresholdfor shortempatternsn order
to preventlosing subpattern®f frequentpatternsandthus
to guarantegheir detectonin themerge stepin line 3. The
secondpoint - combinatiorof patternsnto classes usesan
entrofy-basedlusteringalgorithm presentedn section5.

The domainknowledgeis provided in two forms: be-
sidesthe similarity we must specify a library of generic
primitive eventtypes. The occurrence®f theseeventsare
theinputto thealgaithm andthereforesene asa basisfor
the compositeaventswhich canbe detected.

We presenta genericframevork for high-level frequent
eventdiscovery. Thecontext knowledgeis clearlyseparated
from thealgorithmandthusmakesthe approactepplicable
in differentdomainsfor which primitive eventsandsimilar
ity canbede ned. By solvingthe above issueswe achieve
robusteventdetectionin ervironmentswith temporalvari-
ability. Moreover, the algorithmoutputsa setof composite
eventswhich arehierarchicallyorderedandthusgenerates
acleareventstructure.

2 RelatedWorks

Althoughtheresearchn the eld of unsupervise@vent
detectionandlearningis at its beginning thereare several
approachestudied.

One of the mostwidely usedtechniquess to learnin
an unsuperviseanannerthe topology of a Markov model.
[3] useanentrofy-basedunctioninsteadof the Maximum-
Likelihoodestimatorin the E-stepof the EM-algorithmfor
learning parametersof Hidden Markov Models (HMM).

Thisleadsto aconcentratiorof thetransitianal probabilities
juston severalstateswvhich correspondn mostof the cases
to meanimyful events. Anotherapproachis basedon vari-
ablelength Markov modelswhich canexpressthe depen-
denceof a Markov stateon morethanoneprevious states
([6]). While this methodlearnsgood stochastianodelsof
thedatait cannothandletemporalrelations.A furthersim-
ilar techniques basedn hierarchicaHMMs whosetopol-
ogy is learnedby memging and splitting states([15]). The
advantageof all of theabove techniquedor topologylearn-
ing of Markov modelsis that they work in a completely
unsupervisedvay. Additiondly, they can be usedafter
the learningpha® to recognizeef ciently the discovered
events. On the otherhand,thesemethodsdealwith simple
eventsandarenot capableof creatingconcepthierarchies.
The statesof the Markov modelsdo notalsocorespondal-
waysto meaningfulevents.

Anothermethodwasproposedy [10] whouseinductive
logic programmingto generalizesimple events. Although
being promisingthis systemwas developedonly for sim-
ple interactionswithout taking into accountary temporal
relations. For low-level event detectionand learningsev-
eral standarcclusteringtechniqueaverealsoused.[8] use
Self-Omganizing Mapsto learntypical trajectoriesof mov-
ing objects.[16] learngesturedy extractingandclustering
prototypesof gestire component$rom trajectoriesof hand
movementsusingthe k-meansalgorithm. The authorsuse
the Minimum Description Length principle to determine
the optimd numberof gesturecomponents.All theseap-
proachegperformwell in the caseof the problemthey are
speci edfor but cannotbe easly generalized.

The datamining communityhasbeenstudyingthe task
of frequentpatternextractionfor severaldecadesHowever,
more emphasiss put on the computationaleffectiveness
thanon the robustnessagainstnoiseanduncertaintyin the
data. Thereareonly a few approachegopingwith some
speci ¢ problemsarisingfrom uncertainty:[14] dealwith
falseattribute values; temporalvariability is addressedn
[11]. Unfortunately they do not proposea generalway of
dealingwith differenttypesof uncertainty

3 A Model of FrequentPatterns

In this sectionwe introducesomebasic notation. We
areinterestedn reoccurringstructuresn a primitive event
set,expectingthatthesestructurescorrespondo meaning-
ful comple actvities:

De nition 1 An m-ewent pattern p is a set of primitive
eventswith cardinality m: p = fe;:::eng. Thesetof
all m-eventpatternsis denotecby P (™). A subpatternof a
patternp is a patternp whoseeventsare containedn p.



Although a patternp is just a setit descibesimplicitly
a structurethroughthe relationsbetweenits events. Addi-
tionally, a similarity measureis neededn orderto express
thedegreeof similarity betveenpatterns:

De nition 2 A similarity measuresim™ (p; p) of order
m betweeriwo m-patternsp; andp; is amappingsim(™) :
pm  pm 1 [0;1], where P(™) is the setof all m-
patterns.

The concreteform of this mappingdependson the do-
mainandtherefordt is not possibleto requirefurtherprop-
erties. Using the above notionsof patternsand similarity
we canbuild patternclasss:

De nition 3 Anm-patternclassC(™) of order m is a set
of m-eventpatterns. A subclassof a classC is a class €
whosepatternsare subpattens of patternsin C.

We expectthata patternclassstandgor a behaior type
andthus containsexamges of this behaior which should
be similar to eachother This propertyis ensuredhrough
theclasshuilding step(line 4 in Algorithm 1) whichis real-
ized as clusteringmaximizingthe weightedentrogy of the
class(seesectionb).

A frequentsubclas®of a classstandsalsofor a frequent
shorteracivity which shouldbe describedadditionally if
it occursmore frequentlythan actvity representedby the
classtself. Usingthe APRIORI algorithm(1) from sectionl
we can maintainlinks from subclasssto classesformed
in the next loop of the algorithmand retainthe subclasses
containingmore examplesthanthe numberof examplesin
theclass.In thiswayahierarchicablescriptiorof composite
eventscanbeachieved.

Basedntheabove similarity we cande ne in adomain-
independenivay ameasurdor themembershipf a pattern
in apatternclassandthe paternclasssize:

De nition 4 A classsimilarity measuresim(™) (p;C) be-
tweenan m-eventpattern p and a patternclassC of order
m is a mappingsim(™ : P(M) K (M) 1 [0; 1];

def 1 X

simM (p;C) = C sim™ (p; p% )

p%2C

whee P (M) is thesetof all m-patternsandK (™) is the set
of all patternclassef order m.

De nition 5 Thesizes(C) of a patternclassC is thesum
of the similaritiesbetwea all patternsin C to C:

defx .
s(C)=" sim(p;C) (2)
p2C

A largeclasssizemeandothalargenumberof examples
of thebehaior representedhroughtheclass(large number
of summandsn eq.(2)) andalsohigh degreeof representa-
tivenes®f thebehaior throughits exampleghigh valueof
thesummandsn eq.(2)). In the casethatwe useanequal-
ity insteadof a similarity the above classsize corresponds
to the numberof the patternsn theclass:s(C) = jCj. The
classsizecanbeviewedalsoto beproportionako frequeng
of theeventtypedescribedy theclass.

4 \WEAK-APRIORI Property

Usingtheabove notation,the APRIORI propertycitedin
theintroductionandusedasa basisfor thealgorithmcanbe
expressedsfollows:

s(cm Dy g(ctm)

whereC(™ 1 isasubclas®f C(™). In the caseof similar-
ity insteadof equalitythe APRIORI propertydoesnot have
to be alwaysvalid: it canbe violatedby m-patternswhich
have (m 1)-subpatternshatarenot sosimilar asthe m-
patternstself. A reasormaybeapair of stronglydissimilar
eventsin the subpatternsvhoseimpacton thetotal similar
ity betweerthe patterndosesstrengthwith increasingpat-
ternlength. This propery canhold for all pairsof patterns
in a classard thusleadsto a smallersizeof its subclasses.
In this casethe APRIORI propertywill nothold.

A remedyis adifferentversionof the APRIORI property
which requiresawealer boundonthesizeof thesubclass:

De nition 6 WEAK-APRIORI-Property: For all
classeC(™ 1 of a patternclassC(™) holds:

s(ctm M) g(m)s(CtM)  f(m)ctm j

wheie g(m) andf (m) are positivefunctions of the class
orderm.

sub-

Thefunctions g(m) andf (m) sene asa correctionfor the
smallersizeof a subclass.The concreteform of f (m) and
g(m) depend®nthesimilarity measur@ndaninstantiation
is givenin eq.(3) for the similarity de ned there.Provided
the propertyin def. 6 holdsfor a similarity measurave can
seethatalgorithm1 correctly recognizesll |-classeswith

sizeatleastsy, if weusein line 5in thei™ loopfor thesize
of aclassC thefollowing dynamicthresold (i 2 [2; 1]):

Ry 1
f (k) 9(i)

j=i+1

s (Ch=sn ok iCj

k=1i+1 k=i+1
This thresholdresultsfrom the WEAK-APRIORI property
by propagting the classsize decreasdrom stepl till step
i. It guaranteethatwe will not missin earlierloopsof the
algorithmary subclassewhich canbeused to construceind
consequentlyetectall classef order| with sizeat leag
St - A proof of this factcanbefoundin [13].



5 Pattern Clustering

The objective of line 4 in algorithm (1) is to classify
thegeneratedpatternsnto clusterswhich correspondo the
sameactivity type. Preciselythis clusteringstepmustresult
in large coheentclassesvhich arealsoclearly distinguish-
ablefrom eachother

We proposean entropy-basedagglomeratie hierarchi-
cal clusteringmethod([9], [4]). Startingwith classeson-
taining only onepattern,in eachsuccessie stepwe memge
thosetwo classe<; andC; whosememeleadsto thehigh-
estincreasef autility functionU(C;; C;). Thisfunctionis
basedon the weightedentopy H,, (C) of aclassC which
is de ned asthe productof the classsizes(C) andtheclass
entrogy H (C). Theentroy H (C) is de ned by interpret-
ing aclassasarandan variablewith valuesequalto thepat-
ternsandprobabilitiesP¢ ( ) of thosevaluesproportonalto
their classsimilarities:

sim(p; C)
po2c SIM(p C)

_ sim(p;C)
s(C)

Pc(p) £'P

wherep 2 C. Fromtheabore de nitions follows:

Hy(C) E's(C)H(C) = = sim(p:C)log

p2C

s(C)
sim(p; C)

A classof high quality is characterizedby a large value
of the weightedentroyy: large classsizeindicatesa lot of
mutuallysimilar patternsn theclassandlargeclassentrogy
indicatesgoodcoherencandlack of outliers.

During the clusteringwe meige classesf this stepleads
to anincreasef theweightedentropy of thenew classcom-
paredwith theold classes:

UC;C) EHW(CL C) Hw(C) Hu(C)>0
We iteratethe abore memge step until no further increase
canbeachiesed. In this casewe have hopefullyall patterns

describingthe sameactivity typein oneclass.

6 Similarity Measure

In this sectionwe descrile informally a similarity mea-
surebetweervideoevents.As anapplicationwe usevideos
recordedat a parking lot divided into zones(see g. 1(b))
in which vehiclesand personsare tracked. The system
recognizeghe events'an objectbeingin a zone'ard 'an
objectcloseto anotherobject’. Theseeventscan be de-
scribedcompktelyby atuple of attributes:eventname,ob-
jecttypes,zonenameandstat/endtime.

A similarity measurecomparesvent patternsusingthe
attributesof the primitive events. We distinguish between

Figure 1. (a) Visualization of the event 'vehi-
cle on the parking road'. (b) Manually de ned
zones in the scene.

symbolicand numericattributes. In the abore domainex-
amplesfor the rst attribute typesare event name,object
type,andzonename;examplesor thesecondypeareevent
duration,event start/endtime. The former arein most of
the casesunorderedand can be comparedonly for equal-
ity while the latter mustbe treatedwith a soft comparison
function:

oy def 1, xX=y
Csymb (X;Y) = 0; otherwise

def (x y)?
Xy

Cum(X;y)=e

wherex;y 2 Rand 2 R* is aparameter The usage
of the denomingor xy makes the function more sensitve
to differencesbetweensmall values. This correspondgo
the assumptiorthat attributeswith small valuesare more
susceptibléo changes.

Anothertaxonomyof the attributesis basedon their us-
age. Someattributes can be compareddirectly as event
names,object types, zone name, and event duraion. In
other caseswe mustevaluatean attribute in relation with
attributesof otherevents: comparingevent start/endtimes
directly doesnot make sensebut only in the contet of an-
othereventin orderto expresshetemporakelationbetween
them.Basedonthisdistinctionbetweerattributeswe de ne



theattribute-structue similarity:

sima.s(pi; py) E'wa attr (pi;py) + we struct(pi; pj)

with wa;ws  O;wy + ws = 1, which comparesot only
the propertiesof the primitive eventsin a separatenanner
throughits attribute similarity attr (p;; p;) but also com-
pareshestructureof the patternsexpressedn termsof the
temporalrelationsbetweenthe eventsin a patternformu-
latedasstructure similarity struct( p;; pj ). Usingtheabove
two notionswe combinedirect comparisorwith principles
of analogyreasonind[5]).

Theabore component®f the similarity mustbede ned
manuallyfor eachdomain.Hereby the attributesof a prim-
() of am-patternp;, k = 1:::m, arecompared

itive evente,
with the attributesof exactly oneevente, (J ) of the otherm-
patternp; u3|nganappropnate:ompare‘unction:symbolic

attributesareconparedonly aboutequality;for numeic at-
2

. x_y) . .
tributesx andy we usee 5. The similarity between
patternss the averageof the similaritiesbetweerall primi-
tive events:
def C(a(i) :
a<i)2D(ef(i))

attr (e(k'),e”)

cj (@)

1 X
attr (py;py) &'

k=1

attr (el); ell)

wherec;; (a) 2 D(e”) is the correspondingattribute in

(‘) to an attribute a from ('). The structue similarity
compare$hetemporarelatlonsof theprimitive events.The

temporalrelationbetweere, el ande (i) from p; canbecom-

paredwith thetemporalrelatlonbetwee rel) andel(j) from
p; asfollows:

struct(el’; el i; gl &

cnum(dust(eﬁ'%e.')) dist(ef’; ¢!)))

where dist( ;
events:

) comparesthe temporaldistancebetween

def  d(e;e);
d(g;e);

jd(e; g)j
otherwise

dist(ee)% jd(e ;&)

d(e;g) = b(e) e(g) with b(e) ande(e) startundend
time of anevente. Finally:

struct(pi; p;) gef

1 xo

(). ( (). A0)
— €
m(m 1) )

struct(e, ;€ ;€ ’;
k;l=1 k86l

con guration | samplepatternl | samplepattern2
pert. [ noise | length| rank | length| rank
5 0% 5 1 6 2
25% 5 1 6 1
50% 5 1 6 2
10 0% 5 1 6 2
25% 5 2 5 1
50% 5 1 6 1

Table 1. Results with synthetic data. For
each con guaration of perturbation variance,
noise portion, and sample pattern the rank
and the length of the most meaningful de-
tected pattern are displ ayed.

It canbe shavn thatthe attribute-similaritysimilarity satis-
es the WEAK-APRIORI property([13]):

S(C(m 1)) 1 1 S(C(m))
| —{z——}
g(m)
Way 2Ws . .
+ —=_ jcm D 3
1 m 3 ! J )
I {z }
f(m)

With increasingpatternengthm theboundontheright side
of theabove inequalityconvergestowardss(C(™)) because
gm) "™ 1andf(m) ™ 0. Hence the violation
of the initial APRIORI propertydecreasesvith increasing
patternlengh andsothe computationaéffectivenessof the
initial algorithmis preseved.

7 Evaluation

We testour approacltontwo typesof setscontainingfre-
guentcompositeevents: syntheticdataand datafrom the
parkinglot moritoring domain. In both casesve describe
the datamanuallyand comparethe mostfrequentpatterns
foundby thealgarithm with thedescriptionof the data.We
assesgi) which subpatternsf the expectedevent patterns
wererecoveredand (i) whatis their frequeny compared
to the frequeng of the otherdetectedpatterns. The latter
aspecis quanti ed in form of arank: a patternhasrankk
if it is thek™ mostfrequent.

Thesyntheticdatawasgeneratedrom two manually cre-
atedsamplepatternsof length6. For eachsamplepatterné
testsetswere createdasfollows. 5 copes of eachof these
patternswere perturbedandrandomlypositionedin atime
interval of 15000time frames.Preciselythestart/endimes
were perturbedwith a gaussiamoisewith varianceequal
to 5 and 10 time framesand meanO andthusresultingin



two setsfor eachsamplepattern.Additionally, noisyevents
were addedto eachsetwhoseportion of all events equals
to 0%, 25% or 50%. The resultingsetsard the resultsof
the experimentsfor eachsetare displayedin table 1 and
shawv thatin all testrunsat leasta 5-subpatterrof the op-
timal 6-patternwasrecovered. This patternwasin 65% of
the caseghe mostfrequentandin the remainingcaseshe
secondrequent.In the casewhenthe expectedpatternwas
the secondfrequent,the mostfrequentpatternwas caused
by eventswhich coincidentallyform patterns.The perfor
manceof thealgorithmwasstableevenin theworstcaseof
high perturbatiorand50% noise.

In orderto evaluatethetechniquein areal situationwe
applyit in theparkinglot domain.We processappr 4 hours
of videodatafrom two daysresultingin appr 200hundred
primitive eventsrepresentin@ppt 20 composie eventsdi-
vided into two sets,one setfor eachday Thesesetsare
presentedn g. 2 togethe with theresults. In both cases
the most frequentcomplex eventswere detectedand they
hadin both casesank 1. Theseeventscorrespondo the
manoeuvrgarkingandthusthe mostnatual activity in the
domainwasdetected.

The rea®ns for not obtaininga patternof full length
arestrongperturbationsn somecasesandimperfecttrack-
ing which splits sometimes one primitive event into sev-
eral due to lost objects. The computationhcost reduces
rapidly with each iteration of the APRIORI algorithm: in
eachstepbeyond the 3" onelessthan1% of all possible
patternswere taken into account. This shavs the effec-
tivenesof the WEAK-APRIORI propertyin the caseof the
attribute-similarity measure:the boundbecomeamore re-
strictive with increasingpatternlengthfor which the num-
berof possiblepatternancreasesOn a machinewith a 3.4
GHzIntel Pentiumi CPUthealgorithmneededetweer80
and90 minutesfor eachrun.

8 Conclusionand Futur e Work

In this paperwe presentan approachfor detectingfre-
guentcompositesventsusing the APRIORI algorithmfrom
thedatamining eld. We wereableto adaptthis algorithm
to handleuncertaintywithout losing its computationakat-
tractiveness It discoversclearcompositesventsandstruc-
turesthemhierarchically The proposedmetodis built as
a generafframeavork for which context knowledgein form
of a similarity measureand a genericlibrary of primitive
eventsmustbe speci ed.

In thefuturewe wouldlik e to investigateothersimilarity
measurebasedfor example,on probabilifes. In asimilar
ity we canincorporatenot only uncertaintyof the temporal
attributesbut alsoof theremainingattributessuchaslabels,
for examples.Anothertopic is the analysisof the detected
frequentpattensin orderto createa compat and expres-

(a) BOREL_PARKING_11_03

(b) BOREL_PARKING_21_03

Figure 2. Manually created description of the
data and results. Each o w displays a se-
quence of primitive events of 'vehicle or per-
son in an zone' with the zone name and ob-
ject type given. The occurrence refers to
data descriptions. The disco vered comple x
events are marked bold with their rank to the
right.

sive model of the whole data. A differenttopic is to im-

prove the peformanceof the method.This canbe achieved
throughbetterimplementatiorbut probablyalsothroughin-

tegrating the operationfrom the line 3 in algorithm (1) as
anothermemge stepin the clusteringfrom line 4: we can
createlongerpatiernsby combiningclassesvhosepatterns
have large numberof overlappingstates. In this way the
wholealgorithmcanberepresentedasa clustering.
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