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Abstract. Basedon geometricresultsobtainedby analgorithmic
video(sequence)evaluation,agenericconceptualrepresentationwill
be instantiatedinto a representationof the specifictemporaldevel-
opmentswithin therecordedscene.Suchan instantiatedconceptual
representationwill in turnprovide theinput for atext generationsub-
system.

This contribution outlines a systemimplementationwhich re-
lies on a fuzzy metric-temporal(Horn) logic to realizethe system-
internalgenericrepresentation.The instantiationstepis realizedas
the searchfor a suitableinterpretationof the correspondingset of
logic formulaewherethe geometricresultsobtainedby imagese-
quenceevaluationprovide thesetof individuals.Thepracticalityof
thisapproachis demonstratedby abstractionprocesseswhichaggre-
gatesuitablyselectedvehiclesfrom recordedroadtraffic scenesinto
a vehiclequeue.

1 INTR ODUCTION

A surveillance systembasedon computervision usually charac-
terisesindividual– or atmostsmallsubsequencesof – imageframes
by their assignmentto onefrom a small setof admittedcategories,
for example

�
no alert, alert, congestion, immi-

nent danger, molestation of others, vandalism � .
This correspondsto a patternrecognitionprocessrelying on a few
discriminating‘features’derivedfrom local spatiotemporalintensity
or color variationsin therecordedvideodata.Suchanapproachcan
be perfectly justified if a systemhasto be developedundersevere
priceandruntimeconstraints.In casefinely differentiatedphenom-
enahave to be distinguished,however, their detectionand correct
categorisationbecomesmoreinvolved.Thesameobservationcanbe
madeif the evaluationof a very local spatiotemporalenvironment
no longersuffices.A single-stepcategory assignmentthenhasto be
replacedby anincreasinglymulti-stepanalysisprocess.

Froma slightly moredetachedpoint of view, theaforementioned
categorisationcan be looked at as a link betweenthe video input
signalanda conceptualdescriptionof temporaldevelopmentsin the
recordedscene.Alternativesandgeneralisationsthencometo (some)
mind(s)almosteffortlessly. Theextractionof a ‘featurevector’ from
imageswill be generalisedto a computervision subsystemandthe
categories to a natural language textual description. The process
which mediatesbetweenthe video signaland the naturallanguage
termsrepresentingdifferentcategorieswill evolve into themanipu-
lation of a full-fledgedsystem-internalconceptualrepresentationof
the depictedsceneand of temporaldevelopmentscapturedby the
videorecording.Differentresearchavenuesopenthemselvesin such
�
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Figure 1. Two representative imageframes(top:#400;bottom:#875)
from aroadtraffic intersectionsequencewhichcomprisesa total of 2320

frames.Theframerateof thissequenceis equivalentto asamplingrateof 50
framespersecond,i. e. theentireimagesequencecoversslightly morethan

45secondsof roadtraffic.

acontext. It thusis nosurprisethatthesebecomeincreasinglypopu-
latedin recenttimes,nottheleastdueto thefactthatthecontinuously
improving computingcapacityof workstationsfacilitatestheneces-
saryexperiments:

� Significantefforts arerequiredto createrobustandfastcomputer
vision (sub-)systems.Thesehave to extractevidencefor thoseas-
pectswhicharemostimportantfor a subsequentconceptualtreat-
mentof temporaldevelopmentsin therecordedscene.� Oncerelevant ‘cues’ can be extractedwith sufficient reliability,



it appearstemptingfor someresearchersto devisea – preferably
unsupervised– learning approach which promisesto extract the
desired‘concepts’automaticallyfromalearningsampleof videos.� An alternative approachattemptsto designa system-internalrep-
resentation.� In bothcasesthequestionariseshow thespatio-temporaldevelop-
mentswithin the recordedsceneshouldbe representedat a con-
ceptuallevel. The gamutof representationsto be consideredat
leastreachesfrom a variety of ad-hocapproachesvia grammars
andvariouskindsof automatato differentvariantsof formal logic.� This problemis aggravatedby thenecessityto take uncertainties
with quitedifferentbackgroundsinto account:stochasticproper-
tiesof theinputsignal,artefactsof thecomputervisionsubsystem
dueto simplificationsandnumericalapproximations(not to talk
aboutundetectedimplementationerrors;afterall, computervision
subsystemswith desiredcapabilitiesarenon-trivial), andin partic-
ular thevaguenessof naturallanguageconceptsinvolved.� The necessityto treat time and uncertaintiesin an appropriate
mannerraisesquestionsregarding the competenceand perfor-
manceof algorithmic approachesexplored in this context. The
moreambitiousa systemapproach,themorerelevantsuchques-
tionswill become.� In general,peoplewill not be satisfiedby debugging a system-
internalconceptualrepresentationof temporalvariationswithin a
scenerecordedby avideocamera.After aninitial relief to beable
to inspectcommentsconsistingof a singleword concepttogether
with theactualor a representative imageframe,thedesirebegins
to grow to have a more‘natural languagelike’ textualdescription
of relevant developmentsin the recordedscene.This then adds
computationallinguistics to the setof disciplineswhich have to
bemasteredin orderto realizetheoriginalaspirations.

Gettingall of this to work togetherrequiresaneffort which necessi-
tatesto thinkaboutsystemarchitectureandsystemengineeringques-
tions.It is mucheasier, however, to judgetheadequacy of a textual
description– i. e. to assessthesystemperformance– thanto decide
in isolationwhethera particularapproachor intermediateresult is
‘goodenough’.

2 RELEVANT LITERA TURE

‘Motion Understanding’constitutesa prominent part of any ap-
proachto describetemporalvariationsin a scene.A vivid recollec-
tion of earlyattemptsin thisareacanbefoundin [20, Section3.1].

The goal to describethe ‘story conveyed by an imagesequence’
in theform of a naturallanguagetext hasbeendiscussedalreadyfor
almosta quarterof a century(see,e. g., [14]). Due to the difficul-
tiesto extracta reliablegeometricdescriptionfrom real-world video
sequences,however, mostearlypublicationsreliedat leaston inter-
actively extractedor correctedimageevaluationresultsasinput for
a text generationapproach– see,e.g., [1]. As an alternative, com-
pletelysynthesizedresultsprovidedastartingpoint to testa text gen-
erationapproach.Vehicle trajectoriesextractedfrom real innercity
road traffic videoswereassociatedwith a large numberof motion
verbsby finite stateautomatabasedon fuzzy predicates[12].

Morerecentpublicationslike [2] or [8] studiedthetransformation
of video sequencesinto abstractconceptualdescriptionsagainstan
AI background.Of particularinterestin our context areAI-oriented
investigationsconcerningthe aggregationof several moving agents
into groups[10]. A morerecentlypublished,broaddiscussionof re-
latedliteratureprovidesthebackgroundfor asystemapproachtested
for a simplifiedassemblyscenario[3].

Already in themid-eighties,Neumannhasstudiedtheuseof for-
mal logic for a system-internalrepresentationof temporaldevelop-
mentsin a discoursedomain[15]. Gradually, approachesbasedon
formal logic asa meansfor system-internalrepresentationandma-
nipulationof conceptualdescriptionsbeganto beappliedto geomet-
ric resultsextractedby computervision subsystemsfrom realvideo
sequences,see[7]. The increasingimportanceof formal logic for a
conceptualanalysisof imagesequencesis alsoreflectedby contri-
butionsto a workshopin connectionwith IJCAI-1999[18] andin a
specialissueof ImageandVision Computingon ‘Conceptualizing
Images’(editedby BuxtonandMukerjee),in particular[9] and[6].
A similar line of reasoninghasbeenemphasizedin [17] discussing
additionalreferences.

Alternativesfor algorithmic text generationhave beendiscussed
recentlyin [13]: theseapproachesdonotstartfrom imageevaluation
resultsand are heavily biasedtowardsreal-timeperformance(not
relevant in our case).BayesianNetshave beenusedto classify the
behavior of a singleagentin parkinglot videosequencesaswell as
situationscomprisingtwo agentsin order to insertappropriateref-
erencesinto sentencetemplates[16]. Transformationsof geometric
resultsobtainedfrom extendedreal-world imagesequencesinto a
naturallanguagetext have beenreported(e. g., [4]), albeit without
treatingtheaggregationof severalvehiclesinto a queue.

3 SYSTEM STRUCTURE

Dueto spacelimitations,theextractionof geometrictrackingresults
from imagesequencesby a computervision subsystemwill not be
treatedhere.Detailscanbefound,for example,in recentpublications
citedin theprecedingsectionandin [5]. Weproceedonthebasisthat
a kind of ‘GeometricSceneDescription(GSD)’ [15] is available.

3.1 Representationformalism

In our case,sucha GSDis providedby ‘f acts’obtainedby interpre-
tation of a setof formulaegiven in a FuzzyMetric-TemporalHorn
Logic (FMTHL) [19]. The interpretationprocessfor theseelemen-
tary or conceptual‘primiti ves’ takes placewhile the resultsof the
computervision subsystemare importedinto the subsystemfor the
conceptualrepresentationof thebehavior of singlevehiclesand– the
topicof thiscontribution– of groupsof vehicles,in particularvehicle
queues.An FMTHL inferenceengineexploits these‘imported’ facts
in orderto searchfor an interpretationof FMTHL-formulaewhich
constituteagenericconceptualrepresentationof thebehavior of cer-
tain kindsof vehiclegroups.With otherwords,aninstantiatedGSD
codedasFMTHL factsprovidesthebasisto infer higherabstractions
by aninterpretationof correspondingschemescoded,too,asa setof
FMTHL formulae.

All FMTHL rulesfollow theusualconventionsin thatlogicalvari-
ablesbegin with capital letters,whereasidentifiersfor logical con-
stant,function, andpredicatesymbolsstartwith lower caseletters.
The characterpair ‘:-’ denotesthe (re-)implicationoperator, a con-
junction(disjunction)betweentwo predicatesis denotedby acomma
(semicolon),respectively. The timeargumentof functionsandpred-
icatesaswell asthefuzzy ‘degree-of-validity’ arehandledautomat-
ically by theFMTHL inferencesystem.Theoperator‘always’ indi-
catesthepremisethatthesubsequentexpression– which is enclosed
in parentheses– is valid with a fuzzy degree-of-validity equalto �
for a temporalinterval extendingfrom minusinfinity to plusinfinity.
Resultsof thecomputervision subsystemareimportedinto thecon-
ceptualrepresentationsubsystemby a (hybrid, i. e. import-related)



predicatetrajectory(Agent,X,Y,T,V,W) which is assumed
to have a degree-of-validity equalto � for eachtime point associ-
atedwith the time interval correspondingto a framenumber, in our
case��� msec.ThevariableAgent denotesa particularvehicleand
will besetto anidentifierassignedautomaticallyto a vehicleduring
its detectionandinitialisationphase.X andY denotetheroadplane
coordinatesof thevehiclereferencepoint,T thevehicleorientation
relative to theX-coordinateaxis of the world coordinatesystemin
theroadplane,V thevehicle’s speed,andW its steeringangle2.

3.2 Linking geometricand conceptual
representationsof an intersection

We first needto representall relevant lanesof the scenewithin the
field of view of the recordingcamerain a manneraccessibleto the
FMTHL inferenceengine.Thisconceptualrepresentationof thelane
structureis derived from the geometricalmodel preparedfor the
model-basedcomputervision subsystem.In additionto thegeome-
try, this intersectionrepresentationindicatesthehierarchywithin the
lanestructureandotherrelationsbetweenits differentelements.

An intersectionis conceived to compriseanaccessarea,a cross-
ing areaproper, and an exit area.Eachof theseconstitutesa lane
element. Laneelementsareconcatenatedto form a lane– see,e. g.,
Figure2. ThetupleS of laneelementsE forming a laneis internally
representedasa list which is manipulatedusingrulesaccordingto
theFMTHL format:

always (lane(LaneElement,Lane) :-
access_area(LaneElement) ,
merge_into(LaneElement2,LaneElement) ,
crossing_area(LaneElement2) ,
merge_into(LaneElement3,LaneElement2) ,
exit_area(LaneElement3) ,
aggregate_lane_elements(LaneElement,LaneElement2,

LaneElement3,Lane)).
always (aggregate_lane_elements(LE1,LE2,LE3,Lane) :-

tuple_add(LE1,[],Lane1) ,
tuple_add(LE2,Lane1,Lane2) ,
tuple_add(LE3,Lane2,Lane)).

always member(E,[E|_]).
always (member(E,[_|S]) :- member(E,S)).
always (tuple_add(E,S,S) :- member(E,S)).
always (tuple_add(E,S,[E|S]) :- not member(E,S)).

3.3 Terminology

As a preparatorystepfor text generationfrom geometrictracking
results,we mustprovide thenaturallanguageconceptsto beused.

3.3.1 Selectionandaggregationof vehiclegroups

Out of thesetof all vehicleswhich have beendetectedandtracked
by the computervision subsystemandfor which resultshave been
‘imported’ into the conceptualrepresentationsubsystem,we select
a subsetdenotedasvehicle‘group’. This selectionis alreadyimple-
mentedas an FMTHL inferencebasedon someaggregation crite-
rion, for examplethe temporalinterval within which vehiclesenter
or leave thefield of view of therecordingcamera,their typeor size,
or therequirementthatthemembersof theselectedsubsetcanall be
foundalongcertainlanesin thescene.

For each‘imported’ (seeabove, Section3.1) vehicle,it is recur-
sively testedwhetherit is locatedononeof thelaneelementsconsti-
tuting the laneunderconsideration.Thepredicateget group col-
lectsa tupleof vehicleson thespecifiedlane.
	

Someof theresultspresentedin thesequelhavebeenobtainedwith anolder
versionof the vehicle detectionand tracking – i. e. the computervision
– subsystemwhich originally usedthe rotationalvelocity aboutan axis
normalto boththeroadplaneandthevehiclegroundplane.

always (cluster_feature(Agent,Lane) :-
trajectory(Agent,X,Y,T,V,W) , on(Agent,Lane)).

always (on(Agent,[E|S]) :- on(Agent,E) ; on(Agent,S)).
always (aggregate_vehicle_group(Lane, VehicleSet,

Amount) :-
get_group(X, cluster_feature(X, Lane),

VehicleSet, Amount)).
always (get_group(Vars, Constraint, List, Amount) :-

call({ findall List Vars Constraint }) ,
card(List, Amount)).

always card([], 0.0).
always (card([H|T), N1) :- card(T,N) , N1 is N + 1.0).

3.3.2 Differentiatingvehiclegroupsinto subcategories

Vehicle groups on the selectedlane are assignedto one of the
subcategories single vehicle, vehicle pair, or vehi-
cle queue accordingto how many vehiclessucha group com-
prises:

always (group_type(Amount,Type) :-
get_group(Amount,Type)).

always (get_group(Amount,free_lane) :- Amount = 0).
always (get_group(Amount,single_vehicle) :- Amount = 1).
always (get_group(Amount,vehicle_pair) :- Amount = 2).
always (get_group(Amount,vehicle_queue) :- Amount > 2).

Sofar, it did notappearnecessaryto requireanadditionalcriterion
in orderto select,e. g., a vehiclequeue. It is perfectlyconceivable,
however, to introducea supplementaryconditionsuchthat,e.g., the
vehicleswithin a queuearenot too far apart.

3.4 Describing the internal state of a queue

Oncea queuehasbeendefined,it canbe attributedwith properties
relatingto its internal state. This characterisestheway a queuehas
beenformedby individualvehicles,for exampleaccordingto thefol-
lowing rulefor thedeterminationof thelastvehiclein aqueue(which
formstheheadof the list comprisingall vehiclesin thequeue):

always (last_vehicle_of_queue([H|T],vehicle_queue) :-
note(be(H,the_last_vehicle_of_the_queue))).

If this rule is applied,a sideeffect of thenote-predicatewill out-
puta fact – for useby thesubsequenttext generationsubsystem,see
Section3.5– indicatingwhich vehicleis thelastoneof thequeuein
question(NB the distinctionbetweenthe conceptof a queueanda
list asits system-internalrepresentation).The headof a queuewill
bethelastvehiclein this list, i. e. its tail element:

always head([H|T],H).

always (head_of_the_queue(VehicleSet, vehicle_queue) :-
card(List, Num) , Num = 1 , head(VehicleSet,Head) ,
note(be(Head,the_head_of_the_queue))).

always (head_of_the_queue([H|T],vehicle_queue) :-
head_of_the_queue(T,vehicle_queue)).

Additional predicatesdeterminehow many vehicleshave joined
the queueor which vehicleshave left the queue,therebyproviding
supplementaryinformationabouttheinternalstateof this queue,for
example

always (new_vehicle_joined(VehicleSet,
VehicleSetBefore, Type) :-

additional_vehicle(VehicleSet, VehicleSetBefore,
Vehicle) ,

not V = empty , note(enter(V,Type))).

always (additional_vehicle([], VSB, V) :-
fill(empty,V)).

always fill(V,V).
always (additional_vehicle([H|T],VSB,H) :-

not member(H,VSB)).
always (additional_vehicle([H|T],VSB,V) :-

additional_vehicle(T,VSB,V)).



Figure2. Theleft panelshows animageframefrom thesequenceillustratedin Figure1, overlaidby thelanemodelfor this intersection.Onelanesegmentof
the‘incoming’ laneenteringthefield of view from thetop left corneris markedby heavy boundarylines.Theright panelexhibits thesameimage,but this time
the‘intersectioncrossing’segmentandthe‘outgoing’ segmentof thissamelanearemarkedby heavy boundarylines,too. In addition,thelaneidentifiersfor

thethreesegmentsof this lanearegiven.

3.5 Text generation

note predicatesusedin the rules mentionedabove generatetime-
dependentfacts – for more abstractconceptsthan the elementary,
importedones– of theform

intervalof validity ! verbphrase(subject,object)

asa sideeffect. Thesefactsareconceived asa (moreabstract)con-
ceptualdescriptionof developmentsin thescene.Thedescriptionsin
this form aretreatedasa text in a formal languagewhich is trans-
formedinto a DiscourseRepresentationStructure (DRS)according
to [11]. It offers a logic-basedlinguistically orientedrepresentation
of the temporaldevelopmentwithin the recordedscene.The trans-
formationof aDRSinto anaturallanguagetext – i. e.the‘inversion’
of thecomputationalprocesswhichgeneratesa DRSstartingfrom a
naturallanguagetext – constitutesa problemof computationallin-
guisticswhich hasnot yet beensolved in general. In order to test
our approachwithin theentiresystemscontext, we createda simple
tool to generatea text from theDRSresultingfrom theprecedingly
describedstepsin analogyto [4].

4 RESULTS

Theapproachdiscussedin theprecedingsectionshasbeentestedus-
ing amongstothersthe imagesequenceillustratedin Figure1. The
computervision subsystemassignedautomaticallya uniqueobject
identifierto eachvehiclewhichhadbeeninitializedfor tracking.Fig-
ure1 shows identifiersassignedto thosevehicleswhichqueueupon
theleftmostthrough-lane,i. e. theonemarked in Figure2 by heavy
boundarylines.Theconceptualrepresentationinstantiatedfor these
vehiclesis given in the form of a list of time-dependentpredicates
(seeSection3.5).Thetwo numbersseparatedby a colonat thestart
of eachline indicatethetime(i. e. framenumber)interval wherethe
predicatefollowing aftertheexclamationmarkhasbeeninstantiated.
The treatmentof motionverbslike ‘enter’ correspondsto that for a
singleagent[4].

1 : 80 ! be_free(fobj_2).
81 : 81 ! enter(obj_2, the_lane).

81 : 81 ! drive_on(obj_2, fobj_2).
81 : 219 ! be(obj_2, the_last_vehicle_of_the_queue).
81 : 1654 ! be(obj_2, the_head_of_the_queue).
220 : 220 ! enter(obj_6, the_lane).
220 : 220 ! form(the_vehicles, vehicle_pair).
220 : 349 ! be(obj_6, the_last_vehicle_of_the_queue).
350 : 350 ! enter(obj_8, the_lane).
350 : 350 ! form(the_vehicles, queue).
350 : 479 ! be(obj_8, the_last_vehicle_of_the_queue).
480 : 480 ! enter(obj_9, the_lane).
480 : 560 ! be(obj_9, the_last_vehicle_of_the_queue).
561 : 561 ! enter(obj_12, the_lane).
561 : 575 ! be(obj_12, the_last_vehicle_of_the_queue).
576 : 576 ! leave(obj_12, the_queue).
576 : 709 ! be(obj_9, the_last_vehicle_of_the_queue).
710 : 710 ! enter(obj_15, the_lane).
710 : 1449 ! be(obj_15, the_last_vehicle_of_the_queue).

1361 : 1361 ! leave(obj_8, the_queue).
1450 : 1450 ! enter(obj_25, the_lane).
1450 : 1569 ! be(obj_25, the_last_vehicle_of_the_queue).
1570 : 1570 ! enter(obj_27,the_lane).
1570 : 1749 ! be(obj_27, the_last_vehicle_of_the_queue).
1655 : 1655 ! leave(obj_2, the_queue).
1655 : 1725 ! be(obj_6, the_head_of_the_queue).
1726 : 1726 ! leave(obj_6, the_queue).
1726 : 1912 ! be(obj_9, the_head_of_the_queue).
1750 : 1750 ! enter(obj_29, the_lane).
1750 : 2266 ! be(obj_29, the_last_vehicle_of_the_queue).
1913 : 1913 ! leave(obj_9, the_queue).
1913 : 2012 ! be(obj_15, the_head_of_the_queue).
2013 : 2013 ! leave(obj_15, the_queue).
2013 : 2099 ! be(obj_25, the_head_of_the_queue).
2100 : 2100 ! leave(obj_25, the_lane).
2100 : 2100 ! form(the_remaining_vehicles, vehicle_pair).
2100 : 2196 ! be(obj_27, the_head_of_the_queue).
2197 : 2197 ! leave(obj_27, the_lane).
2197 : 2266 ! be(obj_29, the_head_of_the_queue).
2267 : 2320 ! be_free(fobj_2).

Basedon this system-internalconceptualrepresentationin the
form of a conjunctionof instantiatedmetric-temporalpredicates,the
following text hasbeenderived, seeFigure3. Similar resultshave
beenobtainedfor other lanesat this intersectionand for vehicle
groupsrecordedatotherintersections.

5 CONCLUSIONS

Theentiresystemhasbeendesigneddeliberatelyonthebasisof reli-
ablemethodologicalapproaches:3D-model-basedtrackingof vehi-
cles,a fuzzy metric-temporalextensionof first orderpredicatelogic
asa formalismfor conceptualrepresentations,andDiscourseRepre-
sentationTheoryto establisha link betweenthesystem-internalcon-
ceptualrepresentationandthenaturallanguagetext to begenerated.
Wetried to avoid placingoneheuristicon topof another, evenif this
still precludesreal-timeexperiments.Theimport of resultsobtained



“Obj 2 enteredthelane.Laterobj 6 enteredthelane.Theve-
hiclesformeda pair.
Later obj 8 enteredthe lane. In the meantimethe vehicles
formed a queue.Obj 8 was the last vehicle of the queue.
Obj 2 wastheheadof thequeue.
In themeantimeobj 9 enteredthelane.It wasthelastvehicle
of thequeue.
In themeantimeobj 12enteredthelane.It wasthelastvehicle
of thequeue.
It left thequeue.In themeantimeobj 9 wasthelastvehicleof
thequeue.
In themeantimeobj 15enteredthelane.It wasthelastvehicle
of thequeue.
In themeantimeobj 8 left thequeue.
In themeantimeobj 25enteredthelane.It wasthelastvehicle
of thequeue.
In themeantimeobj 27enteredthelane.It wasthelastvehicle
of thequeue.
In themeantimeobj 2 left thequeue.
In the meantimeobj 6 wasthe headof the queue.It left the
queue.
In themeantimeobj 9 wastheheadof thequeue.
In themeantimeobj 29enteredthelane.It wasthelastvehicle
of thequeue.
In themeantimeobj 9 left thequeue.
In themeantimeobj 15 wastheheadof thequeue.It left the
queue.
In the meantimeobj 25 was the headof the queue.The re-
mainingvehiclesformeda pair. Obj 25 left thelane.
Later obj 27 left the lane.In the meantimeobj 29 remained
assinglevehicle.”

Figure 3. Outputtext generatedfrom theinternalconceptual
representationin Section4 for thevehiclequeuesillustratedin Figure1.

by a 3D model-basedcomputervision subsystem,e.g., obviatesthe
needfor theinferenceprocessto compensatefor specialcasesdueto
workingin the2D picturedomain.Wethusattemptto facilitateasys-
tematicsearchfor thecurrentlyweakestlink in theentireprocessing
chain.

Obviously, the final text output leavesmuch to be improved re-
gardingstyle. This observation allows, however, to illustrate some
of the lessonsofferedby a systemsapproach.Themonotonousref-
erenceto object nn could be replacedby adjectives(indicating,
e.g.,color)providedthecomputervisionsystemis ableto determine
the correspondingvehiclepropertiesrobustly. Even more involved
abstractionswill beintroduced,for examplemergingandsplittingof
vehicle queues.The inclusionof representationsfor additionalbe-
havior of vehiclesandotherformsof vehicleaggregationsshouldbe
possiblewithout modificationsof themethodologicalapproach.Ex-
perimentsin thesedirectionswill includerunswith differentvideo
input sequencesin orderto studytherobustnessof theapproachre-
portedhere.Theinterestingpoint will beat which stageof suchex-
plorationsit will becomeadvisableor necessaryto modify or extend
theapproach.Weareaware,too,thatwestill usesome‘sharp’ rather
thanfuzzy spatialpredicates,for exampleon.

Experiencehasshown, however, that seeminglysimpleimprove-
mentsmay have consequencesall along the processingchain and
thusneedconsiderableefforts until they operatereliably. Thepossi-
bility to investigatesuchquestionsin the context of a basicallyop-
erationalsystemis likely to provide feedbackfor more theoretical

studiesof representationalformalismsandpropertiesof relatedin-
ferencemechanisms.
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schienenin ‘Dissertationenzur KünstlichenIntelligenz(DISKI)’ 135,
infix-VerlagSanktAugustin1996(in German).

[20] J.K.Tsotsos:Motion Understanding:Task-DirectedAttentionandRep-
resentationsthatLink Perceptionwith Action. InternationalJournal of
ComputerVision 45:3 (2001)265-280.


